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With the advent of electric vehicles (EVs), charging infrastructure needs to become more available 
and electricity providers must build additional power generation capacity to support the grid. In 
siting and sizing of fast charging stations (FCSs), both the distribution network constraints, as well 
as the traffic network limitations, must be considered because FCSs exist on both levels. Moreover, 
the siting and sizing of wind-powered distributed generation (WPDG) is a solution to gradually 
decarbonizing the grid; therefore, reducing our carbon footprint. In addition to providing capacity, 
they also have other benefits in the distribution network such as reducing transmission losses. In 
this thesis, a new framework is proposed which successfully implements a novel scoring technique 
to rate the attractiveness of FCS candidate locations thus, determining the expected FCS demand 
in each candidate location and uses WPDGs to support that load. A study has been conducted to 
compare the suitability of industrial-scale turbines versus micro-wind turbines in an urban area. A 
method for selecting candidate locations for the later has been developed.  
A stochastic program is proposed to account for the non-deterministic elements of the problem 
including generic loads, residential electric vehicle loads, FCS loads, and wind speed where they 
are accounted for collectively using a method called convolution. This comes hand-in-hand with 
a mixed-integer non-linear programming model that sites and sizes both FCSs and WPDGs with 
an objective of maximizing profits to incentivize investments. A list of novel constraints has been 
introduced that connect the traffic network to the power network. The problem is modeled from 
the perspective of electric utilities but also considers the perspectives of the urban planners and 
potential investors. A case study was implemented showing how the scoring technique works and 
the results show that the math model considered all the parameters and respected all the constraints 
delivering a holistic set of decisions to site and size both FCSs and micro WPDGs in an urban area. 
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The stock of electric vehicles (EVs) has been increasing rapidly in the past few years reaching 5.1 
million in 2018, which is an increase of 2 million cars from the previous year and sales of new 
EVs has almost doubled in that year [1]. In terms of capacity requirements, 58 terawatt-hours 
(TWh) were consumed globally in 2018 alone by electric vehicles. That is equivalent to the 
consumption of 6.1 million average Ontario homes or the consumption of the entire country of 
Switzerland [2]. Aside from the capital cost, range anxiety continues to be one of the major 
obstacles facing EV adoption [3]. City dwellers who don’t have private dedicated parking spots, 
long commuters, and owners of smaller range batteries along with a myriad of other factors such 
as inexperience [4] have hindered the faster acceptance of EVs. 
 
Globally, there is a special interest in the adoption of EVs due to their potential in reducing 
greenhouse gases and this is being discussed on a large scale [5]. With regard to the amount of 
greenhouse gas emissions, Canada’s transportation sector contributes a quarter of the country’s 
footprint [6]. Finally, with technological improvements and growing adoption, wind-powered 
distributed generation (WPDG) prices have been dropping. In a series of reports by the National 
Renewable Energy Laboratory from the United States Department of Energy, a gradual increase 
in popular wind turbine capacities is noted along with a decrease in prices, equivalent to a 23% 
drop over 4 years, see Table 1.1. 
Table 1.1:Wind turbine prices [7]–[9] 
Year Rating (MW) Price ($) 
2013 1.91 1,728 
2015 2.0 1,690 
2017 2.32 1,610 
 
From the facts stated in regard to EV popularity, obstacles facing faster adoption, dropping prices 
of WPDGs, the contribution of greenhouse gases by the transportation sector and the nascent EV 




Hand-in-hand is the matter of siting and sizing FCSs and WPDGs because of three reasons.  
1. WPDGS supports FCS by adding the necessary capacity to the grid.  
2. WPDGs decarbonize the grid and unlocks the potential of EVs to reduce the transportation 
sector’s emissions.  
3. FCSs represent acute loads on the grid in concentrated areas which may require 
infrastructure upgrades such as power line conductors and transformers. This issue is 
magnified the farther away the source of power is. Distributed generation (DG) in an active 
distribution network (ADN) provides capacity near the load and therefore reduces 
transmission losses and in some cases, power infrastructure upgrades. 
 
As opposed to other renewable energy sources, WPDGs have been selected as the source of power 
because of the dropping prices and the more-steady power output throughout the day, as compared 
to solar, for example. Though, this depends heavily on the jurisdiction of the project. 
 
Finally, FCSs have been selected for this thesis because of its consequential impact on the power 
grid and the necessity of a planning framework that integrates the perspectives of multiple 
stakeholders. Moreover, it is debatable whether a siting and sizing problem even exists for 
residential and private-non-residential chargers altogether. This is because those decisions are 
almost always taken independently by individuals and businesses who use level-2 chargers if not 
using the standard level-1; both of which require significantly less power. In this thesis, the 
locations and sizes of FCSs for electric vehicles and WPDGs are determined in an inter-related 
environment that considers both the distribution network and the traffic network. A method to 
evaluate the attractiveness of sites has been proposed along with a holistic framework to determine 
the most economic mix of both.  
 
The ADN is the field where all the elements will come together; it is an electric grid where the 
source of power is not only the substation but also a multitude of scattered energy sources called 
DGs. They generate power from renewable sources such as wind and solar as well as traditional 
finite sources such as diesel. This improves the service in rural areas where the demand is far away 
from the power source and reduces the power losses due to large transmission distances. It also 
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improves service in heavy demand areas with high peak loads allowing peak shaving. On a larger 
scale, the gradual integration of renewable sources of energy near the customer reduces the total 
power needed from substations which are primarily reliant on fossil fuels.   
 
The distribution network challenges that need to be overcome are two-fold. Voltage regulation 
within tolerable ranges is a security issue for the grid and reaching levels that are too high or too 
low can permanently damage appliances connected to the grid. A multitude of non-dispatchable 
DGs added to the system without proper planning may do more harm than good. Secondly, fast-
moving social trends such as EVs need to be planned for in advance to provide adequate power 
capacity and infrastructure upgrades needed to support them. There are huge opportunities and 
risks involved that need to be addressed in a short amount of time in a standardized and inclusive 
way. 
 
1.2. The Growth of EV Adoption and its Associated Challenges 
 
The growing popularity of EVs is the cause of an array of factors. The two most salient reasons 
are that electric cars are part of both an environmental trend and a social trend. Climate change 
concerns are undeniable and evident around the world and electric cars drawing power from a 
decarbonized grid is one way to tackle this problem. The decarbonization of a country’s electricity 
will need to come hand-in-hand with battery-powered vehicles that do not rely on internal 
combustion engines. Both contribute to the reduction of greenhouse gas emissions and EVs 
additionally contribute to a reduction in urban pollution and the formation of smog.  
 
On the other hand, the fast adoption of EVs poses a threat to the distribution network by potentially 
overloading it. This means the utility needs to accurately forecast and provide the needed capacity 
by installing new substations in the system or better yet, new renewable energy sources (RES) in 
large farms or in the form of DGs. Based on collected data and user trends, the bulk of the demand 
is expected to take place in low-voltage distribution grids, i.e. urban and rural areas as opposed to 
highways with access to higher voltage lines [10]. Moreover, EVs are not stationary loads, which 




Mass EV adoption faces a few obstacles primarily because of the capital cost of buying a new car 
but more importantly it is hindered by “Range Anxiety”. This refers to people’s fear that they will 
run out of charge in between trips and have no place to recharge their car. While most people who 
buy electric cars make sure that they have a residential charger, some must rely on FCS to top up 
their cars in the middle of a trip [11]. 
 
1.3. Fast Charging Stations 
FCS typically refers to publicly available direct current (DC) charging equipment that can be 
connected to an EV to charge the onboard battery. They are fast chargers because they commonly 
supply 50 kW to 60 kW with some providing up to 120 kW [12]. These are also referred to as 
level-3 chargers. Comparing them to the other types of chargers can give an idea about the 
significance of their charging speed.  
 
Level-1 chargers are simply referring to the standard 120-V socket available at home or anywhere 
else. A person can plug their car into the electric socket but, for safety, will require a dedicated 
circuit which costs 300$ to 2,500$. This is for the electric connections, a new outlet, and depends 
on the distance to the electrical room. Note the technical information [13] about level 1 chargers: 
• Level-1 chargers provide a maximum power of 1.9 kW 
• This recovers approximately 4-5 miles per hour 
• A car uses approximately 0.34kWh / mile or 34 kWh per 100 miles [13] depending on 
whether that takes place inside the city or on highways with some other factors affecting 
variation such as consumption efficiency and temperature.  
 
Level-2 chargers cost $400 to $4000 where only a single car can be charged at a time. This includes 
the equipment and installation fees. Note the technical information  about level-2 chargers [13]: 
• Level-2 chargers provide approximately 7.2 kW of power 
• This recovers 20-30 miles per hour 
 
Businesses invest in charging infrastructure such as this with a profit motive and governments 
have taken some initiatives to make EVs more popular by subsidizing charging equipment and 
investing in their own charging stations. The wide availability of FCS is still in the future, though. 
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Not all markets have adopted EVs and Fast-charging station providers such as Petro-Canada in 
Canada as well as Charge-Point and EVGO in the United States need to make sure that their 
investments are profitable. Some cities such as San Francisco and Los Angeles are ahead in the 
adoption of both and they need to come together. The siting and sizing of FCSs needs to be 
addressed in a manner that considers the most recent data, trends and insights gathered from the 
way EV owners use their cars. A report generated following The EV Project titled “What Location 
Factors did Highly Utilized DC Fast Chargers have in Common?” listed the common factors 
between the most utilized fast-chargers in the study [14].  
• Located in markets with the highest EV adoption  
• Located inside metropolitan areas and those were more popular than highway chargers  
• Located within half a mile of a major commuter route inside the city benefiting from both 
the highway traffic and urban traffic. 
• Located next to or associated with a high-technology employer where the adoption of EVs 
is likely a social trend.  
 
A cost-effective way to site and size these FCSs will be explored in this thesis to propose a method 
that allows the utility or electricity provider to work with the municipal urban planners and 
investors. Its role will be to determine the optimal locations and sizes of both FCSs and WPDGs, 
considering the following. The capacity of the power grid infrastructure, the total power losses in 
the system, traffic network considerations like candidate locations, and business considerations. 
The business perspective includes the expected EV demand in a location as well as wind speed, 
which are the two driving factors behind profitability for FCS and WPDG investments 
respectively. Moreover, the model can guide utilities when investing in their own FCSs and 
WPDGs to increase their revenue streams if they are allowed to do so by the provincial 
government.  
 
A paramount benefit of tying the problem of sizing and siting of FCS with WPDGs as well as 
involving the electric utility is the indefinite postponement of substation expansion and, in some 
cases, infrastructure upgrades. This alleviates the need for an array of disadvantages to the 
individual, the municipal government, and the country or state. These include the avoidance of 
huge capital costs for new substations, continuous costs of fossil fuels that will need to be imported 
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or extracted locally, road works and traffic disturbances to upgrade power lines, not to mention 
the continued contribution to global warming and damage to the environment. This thesis is critical 
to avoiding the aforementioned points. 
 
1.4. Motivation and Research Objectives 
With the rising global stock levels of EVs and consequently the demand for EV chargers along 
with green environmental initiatives, there is a need for FCS because they drive EV adoption. This 
is because the biggest obstacle after capital cost is range anxiety. In regards to setting up FCSs in 
urban areas as opposed to on highways, research has shown that FCS in urban areas serves both 
locals and long-distance travelers [14]. Moreover, locals that did not invest in level-2 chargers will 
depend on fast chargers when their daily activities require an occasional extra trip. 
 
Users relying on level-1 chargers will, on average, have barely enough for one trip per day and 
non-stop charging for the rest of the day. If they have occasional extra trips, they can rely on fast 
chargers without having to invest in a level-2 charger at home, given that they have a private 
dedicated parking spot. Moreover, DC fast chargers are already being located all over the United 
States with companies like ChargePoint alone siting 541 units and Tesla siting 3,782 units. 
Including all companies, a total of 7,223 units can be found in the United States as of December 
2017. It is not a question of whether DC FCS will be valuable, rather how can the research 
community help guide future installations that are increasing at a rapid rate in order to capitalize 
on all the benefits. A paradigm shift is necessary when dealing with FCSs because they are not the 
same as petrol stations as will be discussed in Chapter 2. This thesis is critical to the identification 
and implementation of the new framework that better represents the siting and sizing problem 
which will be valuable for these profit-motivated companies. 
 
The engineering problem at hand is the extraction of useful information and data about EVs and 
FCSs and analyzing said data using the goodness-of-fit and other statistical tools to develop a 
stochastic program. This will require the integration of multiple independent stochastic elements 
along with knowledge of distribution networks and renewable energy sources. Moreover, a 
mathematical model will need to be developed that solves this optimization problem. Given a 
particular ADN, and known market size of EVs, this model is expected to size and site FCSs and 
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WPDGs in the most cost-effective way to generate a profit and avoid the need for substation 
expansion to meet growing power demand.  
 
The solution should deliver the best location along with the number of chargers in that location 
with the objective of maximizing their utilization. It is also expected to deliver the best location 
for WPDGs to maximize their benefit in terms of reducing system losses from long-distance 
transmission between the substation and loads as well as to provide the additional capacity needed 
by the FCSs. The developed mathematical model will need to be solved in order to deliver the 
required answers for these strategic decisions. An array of solution algorithms can be used but 
selecting the right one and using it to solve the mathematical model will be an integral part of this 
thesis. 
 
1.5. Thesis Outline 
 
Chapter 2 explores the state of the literature and highlights the gaps that need further 
study to adequately solve the problem at hand. 
Chapter 3 presents the proposed methodology to site and size FCS and WPDGs including 
the stochastic program and attractiveness scorning scheme 
Chapter 4 provides a detailed example that applies the mathematical model and novel 
scoring scheme to a real area. 
Chapter 5 concludes the thesis with a summary of the contributions and proposes a new 









2.1. Uncertainty of Loads And Renewable Generation 
With the fast-moving trend of EVs, adequate planning is imperative because loads and renewable 
energy generation are not known with certainty. In addition to the uncertainty of generic loads, 
which has already been modeled [15], the bulk of EV power demand, namely residential charging, 
remains to be modeled and added to the former. Moreover, wind speed has also been modeled in 
a variety of ways in the literature [16] but requires a reassessment to ensure continued accuracy. 
Lastly, the demand for FCS from the perspective of the candidate locations and the market size 
has not been addressed in the literature entirely. These three stochastic elements will be explored 
in this thesis. 
 
2.2. Siting and Sizing of Fast Charging Stations  
The consideration of charging stations as part of the ADN is becoming very popular and rightly so 
because they are a new distributed source of variable load that needs to be taken into account. The 
literature attempts to locate and size these charging stations in order to meet the EV charging 
demand while essentially minimizing costs. The objectives of researchers range from minimizing 
an assortment of costs [17]–[21] to minimizing losses [22]. Another paper considers the traffic 
flow gravitation and transportation aspect of the problem to determine demand and uses queuing 
theory [17]. Moreover, some papers [18], [22] attempt to package renewable energy sources as 
part of the charging station sizing and siting problem. 
 
Siting of FCS refers to the method of selecting the viable candidate buses in the distribution grid 
and then the method of choosing the most suitable ones for FCSs. It needs to take into account a 
few factors. Firstly, the location of the FCS needs to be realistic in terms of the plot of land that it 
will be placed on. The most common locations found in the real world are in public parking lots, 
lots associated with businesses, convenience stores, and restaurants, shopping malls, and 
campuses. Selecting a realistic location on a map is important because the investors will need to 
approach lot owners and put forward a good business case to buy or lease the land. Moreover, the 
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market size and growth rate or sales of EVs in the region are important metrics to ensure that the 
customers exist in the first place.  
 
The location of the FCSs must accommodate the distribution network’s capacity and other grid-
related constraints. The distribution network, in reality, is associated with the traffic system. Power 
lines run along roads and provide customers inside their homes or businesses with power. The 
bird’s eye view map of a city, for example, can be overlaid with the distribution lines flowing 
through it if the locations of the lines are known. An FCS that is placed in the parking lot of a 
shopping mall, for example, will be associated with a particular service region of the grid which 
is the bus. The 41-bus distribution network will be employed later in this thesis and it is commonly 
used in the literature [23]–[25]. Each bus will be associated with a particular area on the map such 
as a block or an intersection with its surrounding four blocks. FCSs represent very large and sudden 
loads placed on a particular bus. A typical lower end fast charger is rated at 50kW. That is 
equivalent to the average power requirement of 50 homes [26]. Now, Tesla chargers are supplying 
up to 120kW [12]. An FCS with several chargers drawing power from the grid can pose a serious 
threat if not managed properly.  
 
The capacity of all the expected charging demand in an upcoming time period needs to be 
forecasted and new fossil fuel-powered substations RESs must be installed into the system to 
provide for those needs. Moreover, the location of those FCSs and RES in the form of DGs, for 
example, will determine how much power is lost in transmission as well as where and if grid 
upgrades will take place. Examples include larger power line conductors and new transformers. 
 
Sizing refers to the number of chargers or charging spots in an FCS given the decision to place 
one. It could also relate to the rated power per charger or per charging post and that is usually a 
constraint for the problem as opposed to a variable because charging station providers try to 
promise a consistent charging speed to their customers across all of their stations. Also, it could 
be due to the limits imposed by the available supporting infrastructure such as transformers.  
 
In the literature, some research papers did not cover sizing altogether [20], [22], [27] and allowed 
the model to draw as much or as little power as needed. In reality, the size of a charging station 
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affects its location as well as the location and sizes of other stations in its vicinity. Another paper 
focused on the capacity of the station alone as opposed to the number of chargers. The required 
size of the battery energy storage system (BESS) and the solar distributed generation (SDG) were 
calculated and they provided all the capacity needed by the FCS [18]. 
 
On the other hand, some researchers in this field did include the number of chargers as part of their 
models. All of their objective functions were to minimize costs to meet the demand or alternatively 
minimize cost while penalizing unmet demand [21]. Waiting time was also a factor that was 
penalized. The paper determines a fixed rated-power-per-charger and given a certain known spatial 
and temporal charging demand, locates the stations and determines the number of chargers needed 
in each to satisfy that demand [21]. The validity of this model boils down to the spatial and 
temporal demand data as well as how realistic the assumptions are. This is explored and critiqued 
in Section 2.3. 
 
2.3. Modeling of Spatial and Temporal Charging Demand 
 
Modeling of spatial and temporal charging demand is the method of determining the location and 
time of day when EV owners, realize that they need to charge their vehicles. This has been the 
logic followed in the literature [17]–[19], [21], [27]. Research papers simulated EV owners' travel 
behavior without EV data and then developed demand models [28], [29]. More recently, another 
research paper used the travel behavior of non-EV vehicles [30] and then again based on a series 
of assumptions such as when people would plug in their cars as well as charging duration, 
suggested an EV demand profile. 
The traditional traffic flow study, however, was tailored for the traditional vehicles on the road 
and petrol stations. Origin-destination lines (O-D lines) are used where an array of paths for 
vehicles are used to track their movement through a series of nodes while calculating the distance 
traveled and determining a particular state-of-charge (SOC) level where the EV would need a 
recharge. With a few starting assumptions, a point in space and time is determined and the 
simulation is repeated for many cars to accumulate an array of points on a map. Next, Voronoi 
diagrams or k-means are used where the area is split into service regions for each station and the 
center of each polygon becomes the site of the FCS. This assumes a certain driving pattern and 
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driver mentality which is outdated. It also neglects any realistic site considerations. The report 
discussed earlier [14] which is the largest project studying EVs puts forward statistical data 
showing the features of the most utilized stations. One, in particular, shows that the most utilized 
stations were inside an urban setting but very close to a major commuter route where the stations 
would be used as range extenders. This point, for example, was completely neglected when 
researchers focused on O-D lines within the urban space.  
 
Based on recent actual EV charging demand data, there is little resemblance between both and that 
is why a fresh perspective is needed with the availability of this new data and new insights about 
charging patterns [31]. The model developed in this thesis will start fresh by building on a solid 
foundation from recent real data and information on the subject of EVs and how their owners use 
FCS. 
 
The better question to ask is as follows, what are the attractive features of a highly utilized station 
and how frequently are they used throughout the day. Regarding the first part of that perspective, 
charging data has been gathered from 30,000 charging events specifically from FCSs in 2013 as 
part of the biggest EV study called “The EV Project” [31] funded by the United States Department 
of Energy, along with numerous other studies, with dozens of reports and datasets released to the 
public recently. One of those reports titled “What Location Factors did Highly Utilized DC Fast 
Chargers have in Common ?” [14] shows that 50% of cars charged for 20 mins or more, around 





Figure 2.1: Time spent charging. 
This supports the claim that EV owners will try to associate their charging with some sort of 
activity instead of waiting for this duration of time. Petrol stations are a quick fill-up in two minutes 
which is not comparable to an FCS. Since this is the case, drivers will choose to go to a place they 
prefer, which has certain nearby amenities and will include the charging as an integral part of their 
trip. Only a limited number of people require an emergency top-up who only consider the nearest 
station. Therefore, the closest is not necessarily the best, even though that feature is a primary 
determinant; consequently, researchers need to consider the problem from the perspective of the 
station and not the EV i.e. without O-D lines. The report in [14] shows a list of attractive features 
that determine whether a charging station will have high utilization. These points are transformed 
into a novel scoring method in order to fully apply this new perspective, as detailed in Chapter 3. 
 
Regarding the second part of the aforementioned logic, the frequency of use of charging stations 
depends, stereotypically and simply, on the daily patterns of the majority of people who use their 
cars; either to commute during weekdays or for outings and errands on weekends. Simple, relatable 
trends can be seen in the data gathered from the same report, see Figures 2.2 and 2.3. The weekday 
graph shows peaks around lunchtime and between 5:00 PM and 6:00 PM when people leave their 
work then continues to slump over the next few hours. The weekend demand shows regular use 






































combination of a year’s worth of this data can be combined and a stochastic model can be 
developed to represent EV owner’s charging patterns which can be found in Chapter 3.  
 
 
Figure 2.2: FCS aggregate power demand during weekdays. 
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2.4. DG Siting and Sizing  
 
The new problems of shifting from a traditional distribution network to an ADN, where a portion 
of the power is supplied by the DGs along with the existing power plants, are being tackled using 
the siting and sizing of DGs in the literature. They commonly use an objective function such as 
the minimization of total system losses respecting voltage and current limits [15]. That said, a 
variety of other ideas are being introduced as well to mitigate those issues. The literature shows 
researchers selecting the optimal buses for new voltage regulators as well as determining the most 
overloaded branches for new appropriately sized conductors, along with the siting and sizing of 
DGs [32]. Another research paper [33] considers an ADN with near-zero power generated from a 
power plant, theorizing and modeling a system where all the load would be served by dispatchable 
DGs utilizing biomass along with shunt capacitors. 
 
The literature covers a variety of DG types and it is noted that WPDGs and photovoltaic (PV) DGs 
were used most frequently. This is representable because the second and third most popular sources 
of renewable energy, by total generation, are in fact, wind and solar, after hydropower [34]. Papers 
in the literature tackled the siting and sizing of WPDGs in similar ways as seen in[22], [32], [35], 
[36]. Several studies such as [22], [35]–[37] also used photovoltaic DGs while some used capacitor 
banks to inject reactive power into the grid [32], [38]. Further, a study used proton exchange 
membrane (PEM) fuel cells as DGs [37]. All of the above support the grid in some way, either in 
terms of capacity or security. 
 
2.5. Gap Analysis and Synthesis Matrices 
A clear gap in the literature has been identified spanning several points. Firstly, early research 
papers on the subject of siting and sizing of FCSs did not have and more recent ones did not use 
the recently available charging demand data from “The EV Project” [31], released in 2014. A 
series of assumptions built on data gathered from non-EVs are used to deduce the spatial and 
temporal demand, which means the place and time of day where an EV needs a top-up. This is a 




Secondly, the selection of realistic candidate locations for FCSs is lacking, in fact, several papers 
have skipped the consideration altogether. This is vital because the location and size of an FCS 
must consider the traffic grid as well as the power grid and not one without the other.  
 
Thirdly, papers have dealt with FCSs as a one-size entity measuring its capacity in terms of power 
only neglecting the number of and capacities of individual chargers which affects realistic cost 
calculations and turns this discreet constraint into a continuous range. Others have considered 
FCSs as having an infinite capacity, in one case study, the decision model placed 100+ fast 
chargers in a single station in an urban setting, which is unrealistic in terms of the impact on the 
power grid and the available urban space.  
 
Fourthly, a mathematical model needs to solve a real-world problem in order for it to be valuable. 
Research papers whose objective functions focus on meeting all the EV demand is not an accurate 
representation of reality because no entity, public or private, is trying to achieve this goal. The 
more realistic objective is the maximization of the utilization of a single FCS which leads to profit 
maximization. This applies to private companies. On another note, a public sector initiative to 
install FCS would focus on the objective of coverage maximization if not the former objective.  
 
Fifthly, the siting and sizing model needs to be coupled with the siting and sizing of DGs. FCSs 
are a significant source of load on the distribution system; therefore, an increase in the grid’s 
capacity is necessary. DGs are also more effective when they are near the loads because of the 
reduced transmission losses. This is the case with DGs as opposed to relying on a, usually distant, 
substation. Relevant to the profit maximization objective along with the feed-in-tariff system, 
WPDGs fit well into this equation to provide an all-day source of power, that can support the grid’s 
needs and generate income for investors. Another reason behind the importance of the EV trend is 
in support of climate change efforts and this necessitates the decarbonization of power plants 
moving towards generating sustainable and clean energy to supply those EVs. 
 
Lastly, an overall stochastic load model that represents the generic demand in addition to the new 
consideration of EV demand at a particular level of penetration is necessary for a realistic model. 
In this thesis, the EV demand will consist of residential loads, which represent the lion’s share of 
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all EV demand, private non-residential, and public level-2 chargers. This is different from the FCS 
EV load modeling mentioned in point one. 
 
Tables 2.1 and 2.2 show a summary of the gaps found in the literature with “X” implying that the 
feature is lacking. Pay particular attention to the first two points in Table 2.1. The first shows a 
lack of any logical method that selects candidate locations for FCSs. The three papers that did, 
either used a simplistic system where every 200 m on a highway would be a candidate location or 
determined that every traffic node was a candidate location. This has been addressed in Section 
4.3. The second shows how no papers addressed the profit maximization objective for investors or 
at least had a working budget. Investors’ and businesses’ primary motive is profit and they are the 
drivers behind FCS infrastructure. Analyzing the third item, it is clear that the literature is still 
struggling with clear definitions and categorizations of charging stations. These gaps have been 
addressed fully in this thesis. 
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Table 2.1: Synthesis matrix – A 
Item 
no. 
Feature \ Paper [18] [21] [22] [27] [17] [19] [20] [39] 
1 
Use any logical 

















any budget or 
attempting to max 
profit for 
investors? 
X X X X X X X X 
3 
















4 Renewable DGs ✓ X ✓ X X X X ✓ 
5 ESS? ✓ X ✓ X X X X ✓ 
6 
No. of model 
stages? 




highway ✓ X ✓ ✓ X X ✓ 
 
In Table 2.2, items one and two come together. Chargers have fixed ratings and that must be 
determined and incorporated. Moreover, stations will have capacities based on the electric utility’s 
judgment given the existing infrastructure. Missing one or the other indicates a major flaw in the 
sizing model. It is noted that two papers missed both and only one managed to address both, though 
for a very specific study on shared electric vehicle (SEV) fleets that do not apply to normal EV 
owners. Points three, four and five highlight the lack of EV charging data to use for stochastic 
models. This data has only been made available recently. Point six stresses that the entire literature 
is dependent on the outdated siting model of petrol stations.  
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These gaps have also been addressed in this thesis. For points one and two, see Section 3.2 and for 





Feature \ Paper [18] [21] [22] [27] [17] [19] [20] [39] 
1 
Considers charger 
rating when sizing 
FCS? 
X ✓ X X ✓ X X ✓ 
2 
FCS has limited 
capacity? 
✓ X X X X ✓ ✓ ✓ 
3 
Uses level 1 or 
level 2 EV 
charging demand 
model, based on 
real data? 
X X X X X X X X 
4 
Considers both 
generic loads in 
addition to EV 
load? 
X X X X X X X X 
5 
Stochastic FCS, 
Generic load or DG 
states? 






Does not Use the 
O-D lines 
assumption? 




DISTRIBUTION NETWORK PLANNING USING A STOCHASTIC PROGRAM   
 
Chapter 3 contains the core work of this thesis. Section 3.1 explains the three stochastic models 
developed namely, the FCS demand model, the generic combined with residential EV load model 
and the wind speed model. The final subsection explains how the three independent stochastic 
models are integrated into the planning problem using a method called convolution that has been 
streamlined. Section 3.2 explains the mathematical model that was developed including the 
decision variables, objective function and constraints. Section 3.3 further details the attractiveness 
scoring scheme that has been designed to rate FCS candidate locations.  
 
3.1. Uncertainty Modelling 
3.1.1. Stochastic modeling of EV charging demand in FCSs 
 
The FCS load model was built based on the demand data from “The EV Project” [31]. This 
developed model shows the stochastic load per number of EVs in the system. This was achieved 
by considering the number of vehicles (market size) that contributed to these charging events. The 
values have been corrected to represent the expected demand in an FCS depending on the number 
of vehicles in the system. This allows the number of EVs in the system to be an input parameter 
given different situations.  
 
This data consists of 100 DC FCSs, 71,803 charging events in a 365-day period. The demand 
profile under study represents the aggregate daily demand of 100 FCSs. The number of cars that 
used the FCS within a day is also known and that is equal to 196 cars. By dividing the values in 
the power profile by the number of cars that contributed to this demand one can get a unique 
normalized load profile that represents the FCS demand-per-vehicle in the system. When building 
this model, only the EVs that used FCS were considered, not all the EVs in the region. Figure 3.1 
shows the power demand of EVs in FCSs, throughout the day, normalized per vehicle. The first 
key benefit of this profile is being able to use it in a new system with a different number of EVs 
where that value would be multiplied by this array. The second key element of this chart, that 
should be noted for an upcoming discussion, is the peak load which is 675 W per-car in the system. 
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Figure 3.1: FCS Power Demand per-car in the system. 
Next, stochastic states need to be extracted from the same data for the planning model. The 
stochastic states will provide the probability of occurrence for each demand state. Since a long-
term planning approach is followed in this thesis, only a small number of states are needed. This 
can be achieved in the following methodology. Since power readings were in increments of 15 
mins, the data needed cleaning. One record out of every four was kept and the rest were discarded. 
With exactly 8760 records the data was plotted on a histogram. Using the equal-width binning 
technique, five bins were deemed enough to represent the diversity of the data while keeping the 
number of states low enough to avoid long solving times. Every bin represented a range. The mean 
of that range becomes the load value of the state. The load is presented as a percentage of the peak 
















































































































Figure 3.2: Probability of each FCS load state. 
Note that the first state represents zero percent of the peak load. Given the large number of zero 
readings, a dedicated bin was assigned to offer a better representation of the data. It can be seen 
that 18.75 percent of the time the chargers were not in use. The remaining bins were treated 
normally as explained earlier. The values on the y-axis represent the probabilities of each state or 
how likely they are to occur. For example, 87.5% of the peak load is expected a third of the time. 
The peak load is not the capacity of the chargers or the potential demand of all vehicles in the 
system. As explained earlier, it is the highest demand measured for the sum of all FCS demand in 
the system. This system had a known number of FCSs and electric vehicles. The number of electric 
vehicles was further corrected to only account for those who used the FCS, not all the electric 
vehicles in the region. 
 
This subsection covered the stochastic modeling of FCS demand, which is the first stochastic 
element used in the mathematical model. The second stochastic element is the modeling of 
residential EV demand and combining it with the generic loads already existing in the system. This 
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3.1.2. Stochastic modeling of EV charging demand with generic loads  
 
A large pool of data to represent the generic electric demand of a city or country can be one-year 
of hourly data giving a total of 8760 records. These records will show the kW demand in every 
hour. This can be plotted on a time-series graph to show the highs and lows of power demand 
throughout different days of the week compared with the weekends for example. The long-term 
planning approach, however, is only interested in the overall capacity required by the customer 
that the utility or distribution network planner will need to provide. The generic load was collected 
from the Independent Electricity System Operator (IESO) responsible for operating the electricity 
market in Ontario, Canada [40]. 
 
This can be achieved by taking a stochastic approach to the modeling of the power demand of a 
country. All the data points are plotted on a histogram showing the frequency of different ranges 
of power demand, as explained earlier. The stochastic modeling approach in this thesis follows in 
the footsteps of the renowned stochastic models in the literature such as the one presented in [16]. 
10 different load states or scenarios are considered which means that the range of power demand 
data is split into ten  bins. Each bin will have a probability of occurrence extracted from the data 
and will be accurate so long as the data is sufficiently representative. This is done in a similar 
fashion to the previous sub-section 3.1.1. 
 
The largest project executed to study EVs known as “The EV Project” [31] provides data about 
the charging demand of EVs. This study collected an enormous amount of data from an array of 
different sources to show a realistic and diverse understanding of the way people charge their 
electric vehicles. The study covers the use of three different charger types namely, the residential 
level-2 charger, the private non-residential level-2 charger, and the publicly accessible level-2 
charger. The number of chargers that participated in this study were 6474, 415, and 3107 units 
respectively spread out across 20 metropolitan cities in the United States such as Los Angeles and 
Washington D.C. Three different types of vehicles were used namely, the Nissan leaf, the hybrid 
Chevrolet Volt, and the SmartForTwo. 8,300 of them were also spread out across the study region. 
The total electricity consumed during this study in a one-year period from January to December 
of 2013 was 14,630 MWh which shows the size and significance of the study. This data set can be 
23 
 
corrected to match the other’s format where the data collected every 15 mins can be smoothened 
to show only records for every hour. The highest peak value for this data set is noted. 
 
The first step in achieving a stochastic model is to locate the peak value of the city’s generic load, 
which represents the highest power demand reached during the given time period. This value was 
multiplied by the determined EV penetration which is a percentage that shows the amount of power 
that serves EV charging as a fraction of the peak generic load. Next, with a penetration of 25% for 
example, a new peak can be determined for the EV charging data. With a normalized EV demand 
profile, this peak value is multiplied by each record producing a new EV demand profile. Both 
data sets are summed giving a new power demand profile that includes a realistic EV demand 
profile at a certain determined penetration value. The histogram is plotted as explained earlier and 
the probabilities of the ten  bins are collected, representing the likelihood of the ten  load states. 
Table 3.1 shows these results. The load is also presented as a percentage of the peak load in the 
region. 
Table 3.1: Combined generic and EV load stochastic states 
State no. Percentage of peak load Prob of each state 
1 44.45% 1.76% 
2 50.30% 7.08% 
3 56.14% 12.80% 
4 61.99% 18.39% 
5 67.84% 20.71% 
6 73.68% 17.43% 
7 79.53% 12.19% 
8 85.38% 6.70% 
9 91.23% 2.69% 
10 97.08% 0.25% 
 
This sub-section explored the stochastic modeling of the second stochastic element which is the 
combination of generic loads with EV loads. The upcoming sub-section covers the last stochastic 
element which is wind speed. This has been covered in the literature, but with new wind data from 





3.1.3. Stochastic modeling of wind speed  
 
Goodness-of-fit assesses the viability of a PDF to adequately represent a particular dataset [41]. 
There are dozens of potential distributions. Three main tests are used to assess the viability of each. 
Once the tests are complete each distribution will be given a rank that represents the order of 
suitability of each distribution. The three most common goodness-of-fit tests are the chi-squared 
test, the K-S test and the Anderson-Darling test [42].  
 
The data used was hourly wind speed in m/s for the year 2016 gathered from three sites in Canada 
which are Windsor, Newfoundland, and Hamilton. The details of the data used can be seen in 
Table 3.2. A sample of 72 records is collected to represent each month. 
 
Table 3.2: Wind speed sample statistics 
Locations Minimum Maximum 
Sample 
Size 
Mean St. Dev. 
Windsor 0.5 39.5 846 16.379 7.6045 
Newfoundland 1 79.5 963 26.4805 15.4575 
Hamilton 0.5 62.7 892 18.483 7.7073 
 
Using the goodness-of-fit tool called Easyfit [43], the top three PDFs that represented this wind 
data were Jonson SB, Weibull, and Beta respectively. The rank was based on the collective score 
of all three tests in terms of the P-value. This is explained below. 
 
When a hypothesis test is performed in statistics, the P-value helps determine the relationship 
between the actual and expected population. A confidence level alpha can be set to 0.05 meaning 
that an accuracy of 95% is desired. The P-value is a number between zero and one where it can be 
interpreted in the following way: 
• A P-value of less than 0.05 indicates that the data does not fit the distribution. 
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• A P-value bigger than 0.05 indicates that the data may fit the distribution. 
The results showed that the P-value for the Johnson SB distribution was better than its closest two 
contenders where it was, on average, 28% better than that of the Weibull distribution and 18% 
better than the beta distribution. The Weibull distribution is commonly used in the literature to 
model wind speed [16]. If the distributions are not statistically rejected however, the differences 
in P-value may not indicate a major benefit of one over the other.  
 
More analysis is needed and so a pair of error tests are used to compare the actual versus the 
expected populations. They are called the mean absolute error and the root mean square error, as 
shown in (3.1) and (3.2) [44]. They can be expressed as 















where 𝑛 is the number of points, 𝑥𝑖 is the observed value and 𝑦𝑖 is the estimated value. 
Using these two tests, the error results showed that the Johnson SB distribution and the Weibull 
distribution were more or less the same for this data set. With a tie resulting from these series of 
tests and since the literature has been using the Weibull distribution extensively for modeling wind 
speed [15], [45] there is no significant reason to suggest an alternative. 
 
Following the wind probabilities in [16], Table 3.3 shows the equivalent power generated as a 
result of each wind speed range utilizing the Weibull distribution to represent the data. This is 
applied directly to the wind turbine used in this thesis rated at 1.1MW. The cut-in speed of wind 
turbines is approximately 4 m/s and the cut-out speed is 25 m/s. Any wind outside of this range 
will result in zero power being generated. The power generated between the cut-in speed and 14 
m/s increases linearly from zero to the maximum rating of the wind turbine. The maximum rating 
of the wind turbine used in this thesis is 1100 kW. The power generated remains steady at the 






Table 3.3: Wind speed probabilities and power generated 
State no. 
Wind speed range  
From (m/s) To (m/s) 
Weibull PDF—state 
probabilities 
Power generated from a 
1.1MW turbine (kW) 
1 0 4 20.59% 0 
2 4 5 6.61% 54.9824 
3 5 6 11.23% 164.9472 
4 6 7 10.37% 219.9296 
5 7 8 11.22% 384.8768 
6 8 9 9.12% 494.8416 
7 9 10 7.73% 604.8064 
8 10 11 5.01% 714.7712 
9 11 12 4.51% 824.736 
10 12 13 3.26% 934.7008 
11 13 14 2.50% 1044.6656 
12 14 25 7.84% 1100 
 
This sub-section explained the stochastic wind modeling process mentioning the tests used and 
concluding no significant difference from the models used in the literature. The most common 
model in the literature was ultimately adopted for the purpose of this thesis. Having explored the 
stochastic states that will be used with the mathematical model the challenge is to integrate them 
because they are independent. Note that in sub-section 3.1.2, the generic loads were combined with 
the EV loads directly because they are dependent. The upcoming section presents a methodology 
to integrate three independent stochastic elements. 
 
3.1.4. Convolution of the independent Stochastic Elements 
 
Convolution involves sorting and multiplication. Its purpose is to align, in this case, the three 
independent stochastic sets, in such a way that the nth value in each set is related to a combined 
probability of occurrence. In other words, a unique scenario can be provided that takes into account 
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the three states with a single probability of occurrence representing all. A MATLAB script is 
developed to execute this and is shown in Algorithms 3.1 and 3.2.  
 
In algorithm 3.1, three sets of states are read namely, generic demand, wind generation, and FCS 
demand. They house 10, 12, and 5 values respectively. Steps 2 to 6 for example, show how the 
first set is convolved. Each set must be sorted differently to ensure that every possible combination 




Algorithm 3.1 Sorting of three arrays of states for convolution 
1: 
Input: the set of generic demand states (Sd1), wind generation states (Sw1), FCS demand 
states (Ss1) 
2: for j ← 1 to length(Sd1) do 
3:         for i ← 1 to length(Ss1) × length(Sw1) do 
4:             𝑆𝐷ℎ (i + 60 × j-60) ←Sd1(j) 
5:         end for 
6:    end for 
7: for k ← 1 to length(Sd1) do 
8:     for j ← 1 to length(Sw1) do 
9:         for i ← 1 to length(Ss1) do 
10:             𝑆𝑊ℎ (i + 5 × j-5 + 60 × k-60) ← Sw1(j) 
11:         end for 
12:     end for 
13: end for 
14: for j= ← to length(Sd1) × length(Sw1) do 
15:     for i ← to length(Ss1) do 
16:         𝑆𝑆ℎ (i +5 × j - 5) ← Ss1(i) 
17:     end for 
18: end for 




In algorithm 3.2, three sets of the probabilities of those states are read namely, generic demand 
probability, wind generation probability, and FCS demand probability. They also house 10, 12, 
and 5 values respectively. Steps 7 to 13, for example, show how the second set of probabilities is 
convolved. Steps 19 to 21 show a key element of algorithm 3.2 where the convolved probabilities 
are multiplied returning a single set of probabilities where each value represents three combined 




Algorithm 3.2 Sorting of three arrays of probabilities for convolution 
1: Input: probabilities of generic demand states (Prob_Sd1), wind generation states 
(Prob_Sw1), FCS demand states (Prob_Ss1)   
2: for j ← 1 to length(Prob_Sd1) do 
3:         for i ← 1 to length(Prob_Ss1) × length(Prob_Sw1) do 
4:             𝑃(𝑆𝐷ℎ) (i+60 × j-60) ← Prob_Sd1(j) 
5:         end for 
6:    end for 
7: for k ← 1 to length(Prob_Sd1) do 
8:     for j ← 1 to length(Prob_Sw1) do 
9:         for i ← 1 to length(Prob_Ss1) do 
10:             𝑃(𝑆𝑊ℎ) (i+5 × j-5+60 × k-60) ← Prob_Sw1(j) 
11:         end for 
12:     end for 
13: end for 
14: for j ← 1 to length(Prob_Sd1) × length(Prob_Sw1) do 
15:     for i ← 1 to length(Prob_Ss1) do 
16:         𝑃(𝑆𝑆ℎ) (i+5 × j-5) ← Prob_Ss1(i) 
17:     end for 
18: end for 
19: for i ← 1 to 600 do 
20:     𝑃(𝐶ℎ) (i) ← 𝑃(𝑆𝐷ℎ)(i) × 𝑃(𝑆𝑊ℎ)(i) × 𝑃(𝑆𝑆ℎ)(i) 
21: end for 
22: Return 𝑃(𝐶ℎ), 𝑃(𝑆𝐷ℎ), 𝑃(𝑆𝑊ℎ), 𝑃(𝑆𝑆ℎ) 
 
In this sub-section, the convolution of the three stochastic elements was explored and a 
methodology to manage this has been proposed. The resulting sets of states and probabilities will 
be vital in the mathematical model to allow it to consider the variability of the parameters. The 





3.2. Mathematical Model 
3.1.5. Purpose and assumptions 
 
The Mixed Integer Non-Linear optimization problem serves to find the optimal location and sizes 
of FCSs for EVs in a given active distribution system along with the number and locations of 
WPDGs. The model involves distribution network considerations, traffic considerations, EV 
owners’ behavior insights, past charging demand data and the associated costs.  
 
The assumptions in this model are, as follows: 
1. The yearly operation and maintenance cost of a WPDG, compared to its capital cost, is 
negligible and therefore ignored in this model, but can be easily added. 
2. The utility sets a limit for renewable DG penetration in the entire system [15].  
3. The utility sets a limit for the FCS load in the system as a percentage of the system’s peak 
load  
4. The utility sets a limit for the maximum FCS load in a single bus. 
5. The utility sets a limit for the renewable DG penetration in each bus modeled using the 
symbol (𝑃𝑏𝑢𝑠) [15]. 
6. The utility sets a limit on the total number of FCS sited in a given region to minimize the 
necessary distribution network infrastructure upgrades. This should take into account the 
EV market size. 
 
3.1.6. Decision variables  
 
The decision variables in this thesis serve to determine the locations and sizes of FCSs and WPDGs 
placed in the ADN. They are listed below. 
𝑥𝑖 is an integer variable that denotes the number of wind turbines to place in bus 𝑖. 𝑧𝑖  is an integer 
variable that denotes the number of chargers to be placed in bus 𝑖 given the decision to place a 
station there. 𝑦𝑖 is a binary variable which equals 1 if a charging station is placed in bus 𝑖 and 0 
otherwise. 




The objective function is formulated as a profit maximization problem where profit = revenue – 
cost. It is divided into six segments. The first three represent revenue sources and four through six 
represent the cost elements. The objective function calculates revenue from electricity sold to 
customers in FCSs, electricity sold to the grid from wind turbines and the salvage price of DGs 
and FCSs after their end of life. On the other hand, the expenses are the cost of electricity sold to 
customers in FCSs, the cost of power losses in the system, and the investment costs of FCSs and 
DGs as well as the yearly maintenance costs of FCS. The net present value is used to create a 
realistic model. The following two equations were used in the model 
1. The present worth of a single future receipt or disbursement is expressed as (𝑃/𝐹, 𝑖, 𝑁) and 




2. The present worth of an annually recurring receipt or disbursement is expressed as 
(𝑃/𝐴, 𝑖, 𝑁) and calculated as 




The objective function is summarized as 
𝑀𝐴𝑋 𝑂𝐹 =  {𝑂𝐹1 +  𝑂𝐹2 +  𝑂𝐹3 − 𝑂𝐹4 − 𝑂𝐹5 − 𝑂𝐹6} (3.3) 
 
The six elements of the objective function are seen below starting with the first revenue source 
expressed as  






× 𝑃(𝐶ℎ) ×  8760 × (𝑑𝑒𝑙𝑒𝑐
𝑝𝑟𝑖𝑐𝑒) ×





The captured FCS power demand i.e. the demand satisfied by building enough fast chargers must 
be calculated and this is represented by 𝐻𝑖,ℎ in (3.4). This symbol is further explored in sub-section 
3.2.4 and explained in sub-section 3.2.6. 𝑃(Cℎ) is the probability of the convolved states. The 
number of hours per year will exist in every equation that includes a stochastic state because hourly 
records were used for each.  Delec
price
 is the price of one kWh of power sold to a customer in an FCS. 
Finally, the equation for the present worth of an annually recurring receipt or disbursement for the 
32 
 
time horizon 𝑛 with interest 𝑖𝑛𝑡 is included in every equation where there are annual receivables 
or expenses. 
 
𝑂𝐹2 =  ∑  
𝑁𝑏𝑢𝑠𝑒𝑠
𝑖=1
∑ 𝑥𝑖 × 𝑆𝑊ℎ × 𝑃(𝐶ℎ) × 8760 × 𝑑𝐹𝐼𝑇
𝑝𝑟𝑖𝑐𝑒 ×
(1 + 𝑖𝑛𝑡)𝑛 − 1
𝑖𝑛𝑡(1 + 𝑖𝑛𝑡)𝑛  
𝑁𝑠𝑡𝑎𝑡𝑒𝑠
ℎ=1
  (3.5) 
 
Similarly, in (3.5), revenue is also collected by selling electricity to the grid generated from the 
turbines. This is dependent on the number of WPDGs placed and the wind states with their 
associated wind probabilities. x𝑖 represents the number of WPDGs placed in each bus. 𝑆𝑊ℎ and 
𝑃(𝐶ℎ) represent the convolved wind speed states and probabilities as explained in subsection 3.1.4. 
dFIT
price
is similar to the price of a kWh sold to a customer, whereas this is the feed-in-tariff price 
paid by the government for every kWh sold to the grid using wind energy. The equation for the 
present worth of an annually recurring receipt is used again here. 




×  𝑆𝑎𝑙𝐶ℎ𝑎𝑟𝑔𝑒𝑟 + 𝑥𝑖 ×  𝑆𝑎𝑙




The final revenue element is shown in (3.6) which comes from the salvage value of FCs and 
WPDGs after their service life ends. The symbol zi represents the number of chargers placed in 
bus 𝑖 and  𝑆𝑎𝑙𝐶ℎ𝑎𝑟𝑔𝑒𝑟 is the salvage price of a single fast charger. 𝑆𝑎𝑙𝐷𝐺 is the salvage price of a 
single wind turbine. Lastly, the equation for a single future receipt or disbursement is used. 




(1 + 𝑖𝑛𝑡)𝑛 − 1
𝑖𝑛𝑡(1 + 𝑖𝑛𝑡)𝑛
) (3.7) 
In (3.7) the costs of the power losses in the system are calculated in each state ℎ. 𝑃𝑙𝑜𝑠𝑠,ℎ represents 
the power losses (kWh) in all distribution lines in the system in a single state and this is multiplied 
by the probability of each state 𝑃(Cℎ). The kWh must be converted into dollars and so the cost of 
generating and supplying one kWh is used, represented by 𝐶𝑒𝑙𝑒𝑐. Again, the number of hours in a 





















The fifth element seen in (3.8) begins with the investment costs of the WPDGs. 𝑥𝑖 represents the 
number of WPDGs placed in each bus 𝑖 and that is multiplied by their capital cost Cinv
DG . Next, the 
equation calculates the costs of FCSs.  𝑧𝑖 stands for the number of fast chargers placed in a bus 
and that is multiplied by two parameters. The first is the capital cost Cinst
𝑐ℎ𝑎𝑟𝑔𝑒𝑟
 and the second is 
the yearly maintenance cost 𝐶𝑂&𝑀
𝑐ℎ𝑎𝑟𝑔𝑒𝑟
. The equation for the present worth of an annually recurring 
receipt or disbursement is added. 






×  𝑃(𝐶ℎ) ×  8760 × 𝐶𝑒𝑙𝑒𝑐 ×
(1 + 𝑖𝑛𝑡)𝑛 − 1
𝑖𝑛𝑡(1 + 𝑖𝑛𝑡)𝑛 
 (3.9) 
The final element of the objective function is seen in (3.9) which calculates the cost of the 
electricity that is needed for sale in all the FCSs. 𝐻𝑖,ℎ represents this number in terms of kWh for 
each bus 𝑖 and each state ℎ. 𝑃(Cℎ) is the probability of each state ℎ. The number of hours in a year 
is used along with the cost of one kWh represented by Celec. The equation for the present worth of 
an annually recurring receipt or disbursement is added as well. 
 
This objective function is subject to four groups of constraints which are the distribution network 
constraints, the WPDG constraints, the FCS constraints relating to the distribution network, and 
the FCS constraints related to the traffic network. The later has also been named the set of 
attractiveness equations. All of which can be seen in the upcoming sub-sections from 3.2.4 to 3.2.7. 
 
3.1.8. Distribution network constraints 
 
The power flow constraints which calculate the net flow of power in each bus in the electric system 
can be expressed as 
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𝑃𝐺𝑖,ℎ – 𝑆𝐷ℎ × 𝑃𝑖
𝑃𝑒𝑎𝑘
 




× 𝑉𝑗,ℎ × 𝑌𝑖,𝑗 × 𝑐𝑜𝑠(𝜃𝑖,𝑗 + 𝛿𝑗ℎ − 𝛿𝑖,ℎ) ∀ 𝑖, ℎ 
(3.10) 
 
𝑄𝐺𝑖,ℎ −  𝑆𝐷ℎ × 𝑄𝑖
𝑃𝑒𝑎𝑘
=  − ∑ 𝑉𝐼,ℎ
𝑁𝑏𝑢𝑠𝑒𝑠
𝑗=1
× 𝑉𝑗,ℎ × 𝑌𝐼,𝑗 × 𝑠𝑖𝑛  (𝜃𝐼,𝑗 − 𝛿𝑗,ℎ − 𝛿𝐼,ℎ)∀ 𝑖 , ℎ 
(3.11) 
The power flow constraints are the cornerstone of the distribution network model that represents 
the net-flow of real and reactive power through each bus. They are shown in (3.10) and (3.11). 
𝑃𝐺1,ℎ and 𝑄𝐺1,h  represent the active and reactive power generated by the substation. 𝑆𝐷ℎ is the 
set of generic and electric vehicle demand states. 𝑃𝑖
𝑃𝑒𝑎𝑘 and 𝑄𝑖
𝑃𝑒𝑎𝑘 represent the peak real and 
reactive power demand in bus 𝑖. Symbol 𝑆𝑊ℎ is the set of wind turbine power generation states. 
𝑥𝑖 is an integer variable representing the number of wind turbines to be placed in bus 𝑖 and 𝑦𝑖 is a 
binary variable representing whether an FCS will be placed in bus 𝑖. Lastly, 𝐻𝑖,ℎ, one of the more 
important continuous variables represents the captured FCS power demand and as a consequence, 
the load incurred by bus 𝑖. The power flow equations were improved to account for additional 
loads stemming from FCSs utilizing this variable to determine how much of that load is captured 
by the chargers which will be further explained in sub-section 3.2.6. On the right-hand side of both 
(3.10) and (3.11), variables 𝑉 and δ represent the voltage and voltage angle while the parameters 
𝑌 and 𝜃 represent the Y-bus magnitudes and phase angles.  
 
𝑃𝐺,𝑖,ℎ = 0  ∀ 𝑖 ≠ 1    (3.12) 
𝑄𝐺,𝑖,ℎ = 0  ∀ 𝑖 ≠ 1 (3.13) 
 
The power flow constraints are complemented by (3.12) and (3.13) that constrain the slack bus 
generation of real and reactive power to bus-1 only. This means that only bus-1 can generate power 
to serve the loads in the system.  
 
The power loss constraint is expressed as 
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∀ ℎ (3.14) 
 
The power loss constraint in (3.14) calculates the power losses in the system due to transmission 
through electric conductors where the parameter 𝐺 represents the conductance in each branch. This 
is repeated as many times as there are scenarios ℎ in order to calculate the power losses in each. 
 








− 2 × 𝑉ℎ,𝑖 × 𝑉ℎ,𝑗 × 𝑐𝑜𝑠(𝛿ℎ,𝑗 − 𝛿ℎ,𝑖)] ∀ 𝑖, 𝑗, ℎ 
 
The feeder constraint simply calculates the current flowing through the 
conductors between each pair of buses 𝑖 and 𝑗 in each state ℎ.  
(3.15) 
 
The slack bus voltage and angle can be expressed as 
𝑉1,ℎ = 1.025  &  𝛿1,ℎ = 0.0 ∀ ℎ (3.16) 
The slack bus voltage and angle in (3.16) are preset parameters [16]. 
 
The bus voltage limits are expressed as 
0.95 ≤ 𝑉𝑖,ℎ ≤ 1.05 ∀ 𝑖, ℎ (3.17) 
This ensures that the voltages stay within the security constraints to keep appliances connected to 
the grid safe from damage. 
 
The branch current limits can be expressed as 
0 ≤ 𝐼𝑖,𝑗,ℎ ≤ 𝐼𝑚𝑎𝑥,𝑖,𝑗 (5.18) 
where Imax is two times the current calculated in branch 𝐿𝑖𝑗 at peak power demand. This keeps 
electrical conductors i.e. transmission and distribution lines safe from overheating by ensuring that 




3.1.9. WPDG constraints  
 
The maximum DG penetration in each bus is expressed as  
𝑥𝑖 × 𝑃
𝑟𝑎𝑡𝑒𝑑,𝑡𝑢𝑟𝑏𝑖𝑛𝑒 ≤ 𝑃𝑏𝑢𝑠
𝑚𝑎𝑥,𝐷𝐺∀ 𝑖 ∈ 𝐶𝐴𝑁𝑖
𝑏𝑢𝑠,𝐷𝐺 
         
(3.19) 
The maximum DG penetration in each bus (3.19) is represented by 𝑃𝑏𝑢𝑠
𝑚𝑎𝑥,𝐷𝐺
 which is also a value 
set by the utility. This is included following [16]. 𝑃𝑟𝑎𝑡𝑒𝑑,𝑡𝑢𝑟𝑏𝑖𝑛𝑒 is the rated power of a wind 
turbine. 
 




× 𝑥𝑖 × 𝑃




∀ 𝑖  
                            
(3.20) 






The Maximum DG penetration in the system (3.20) is a percentage 𝑘1 of the sum of the system 
peak load considering a capacity factor 𝐶𝐹 as shown in (3.21) also following [16].The average 
power of the wind turbine represented by Pave uses the weighted average given the wind speed 
states and probabilities selected for the study. 
 
3.1.10. FCSs constraints—Electrical model 
 
The maximum FCS load per bus constraint is expressed as 
𝑧𝑖 × 𝑃
𝑟𝑎𝑡𝑒𝑑,𝑐ℎ𝑎𝑟𝑔𝑒𝑟 ≤  𝑃𝑏𝑢𝑠
𝑚𝑎𝑥,𝐹𝐶𝑆 ∀ 𝑖 ∈  𝐶𝐴𝑁𝑖
𝑏𝑢𝑠,𝐹𝐶𝑆
 (3.22) 
The maximum FCS load per bus, similar to (3.22) utilizes the parameter 𝑃𝑏𝑢𝑠
𝑚𝑎𝑥,𝐹𝐶𝑆
 which is also 
set by the utility to avoid exceeding the available capacity of transformers and conductors. The set 
of candidate buses for FCSs is represented by 𝐶𝐴𝑁𝑖
𝑏𝑢𝑠,𝐹𝐶𝑆
. This will be determined based on the 
candidate locations found for FCS in the region under study following a methodology of selecting 








× 𝑃𝑟𝑎𝑡𝑒𝑑,𝑐ℎ𝑎𝑟𝑔𝑒𝑟 ≤ 𝑘2 × ∑ 𝑃𝑖




The maximum FCS load in the system (3.23) is a new limit set by the utility because of the large 
capacity that is suddenly imposed on the grid. This allows the utility to gradually phase in loads 
of EVs as it becomes able to support them over time. Decision variable zi is the integer decision 
variable determining the number of fast chargers to be placed in a bus. Parameter 𝑘2 is a percentage 
of the total system load.  
 





×≤ 𝑘3  (3.24) 
The maximum Number of FCS locations in a region is also determined by the utility to reduce the 
unnecessary investment in grid reinforcement to support the potentially large load from each FCS 
that may not be fully utilized due to sharp competition, see (3.24). This will also be intuitive for 
investors where they will not wish to locate their FCSs in a saturated market. (3.24) adds this logic 
to the model. A simple integer parameter 𝑘3 is used for this purpose. 
 
A constraint to ensure that a charger can only be placed in a bus with a charging station is expressed 
as  
𝑀 × 𝑦𝑖 ≥ 𝑧𝑖   ∀ 𝑖 ∈  𝐶𝐴𝑁𝑖
𝑏𝑢𝑠,𝐹𝐶𝑆  (3.25) 
 
A charger can only be placed in a bus with a charging station. This is shown in (3.25) that utilizes 
auxiliary variables and the big 𝑀 notation.  
 
The FCS peak demand at bus 𝑖 can be expressed as 
𝑃𝑖
𝑃𝑒𝑎𝑘,𝐹𝐶𝑆 = 𝑛𝐸𝑉𝑠,𝑐𝑖𝑡𝑦 × 𝑣𝐸𝑉 × 𝑃𝑖




FCS peak demand utilizes the peak-per-car profile, represented by 𝑃𝑖
𝑃𝑒𝑎𝑘,𝑐𝑎𝑟
, explained in sub-
section 3.1.1 and shown in Figure 3.1. This value is multiplied by the number of EVs in the city 
under study represented by 𝑛𝐸𝑉𝑠,𝑐𝑖𝑡𝑦. Only a percentage of those EVs use FCSs and so a parameter 
is used to represent that portion, signified by the symbol 𝑣𝐸𝑉. 
 
The captured power demand at each FCS is expressed through the following pair of equations  
𝐻𝑖,ℎ ≤ 𝑧𝑖 × 𝑃
𝑟𝑎𝑡𝑒𝑑,𝑐ℎ𝑎𝑟𝑔𝑒𝑟 ∀ 𝑖, ℎ 
𝐻𝑖,ℎ ≤ 𝑃𝑖
𝑃𝑒𝑎𝑘,𝐹𝐶𝑆 × 𝑆𝑆ℎ × 𝑎𝑚
  ∀ 𝑖, ℎ  
(3.27) 
The captured power demand in both parts of (3.27) is represented by the continuous variable 𝐻𝑖,ℎ. 
It is constrained by the smallest of the two equations. The first represents the capacity of the station 
and the second representing the demand in that station. 𝑆𝑆ℎis the set of charging station load states  
and 𝑎𝑚 is the attractiveness metric that will be explained in sub-section 3.2.7. 
 
3.1.11. FCS constraints—Traffic network   
 
Score 1—Distance from highway-exits  
𝑆1𝑚 = ∑(1 −  𝐷𝑚,𝑐





Score 1 in (3.28) implements one of the primary uses of FCSs which is range extension. This 
means EVs traveling long distances depend on FCS to top-up their vehicles mid-trip and usually, 
these travelers are using major highways. This is detailed in the report [14] and is the most 
important factor when locating an FCS because these commuters or travelers want to exit their 
highways and navigate towards the closest FCS. These FCS attract EV traffic demand on 
commuter roads within a one km radius. Realistically, the commuter road point of interest is the 
highway-exit. The set 𝐶𝐴𝑁𝑚
FCS  denotes all the candidate locations 𝑚. Dm,c 
commute  is an 𝑚 by 𝑐 
matrix denoting the distances between major commuter road exits and each candidate locations 𝑚 
within a one km radius. Since a higher score denotes a more attractive location, each distance value 
is subtracted from the value one, in order to inverse the score so that shorter distances are more 




Score 2—Distance to high-tech companies (in km) 
 




) ∀ 𝑖 ∈ 𝐶𝐴𝑁𝑚
𝐹𝐶𝑆 (3.29) 
Score 2 in (3.29), implements the relationship found between EV owners and high-tech-company 
employees who are the biggest adopters of EVs. The report “What Location Factors did Highly 
Utilized DC Fast Chargers have in Common” [12] cites proximity to high-tech companies as one 
of the top three factors correlated with highly utilized FCSs. All high-tech companies and 
establishments within a 0.3 km radius of candidate location 𝑚, are therefore points of interest. The 
closer they are, the more attractive it is. Since a higher score denotes a more attractive location, 
each distance value is subtracted from the value one, in order to inverse the score so that shorter 
distances are more attractive than large ones. 𝐷m,t
tech  is an 𝑚 by 𝑡 matrix denoting the distances 
between high-tech companies 𝑡 and each candidate location 𝑚.  
 






 ∀ 𝑖 ∈  𝐶𝐴𝑁𝑚
𝐹𝐶𝑆 (3.30) 
Regarding score 3 in (3.30), all the traffic nodes or roads that are within half a km range 
(Euclidean) are included in the calculations. Annual average daily traffic (AADT) data is used for 
this purpose. The traffic flow in those nodes is averaged to get an overall estimate of the traffic 
flow in the area. Symbol Tm,n
near  is an 𝑚 by 𝑛 matrix that denotes the daily traffic flow count in the 
traffic nodes 𝑛 that are near candidate locations 𝑚, within a 0.5 km radius. A larger average traffic 
count in the vicinity gives candidate location 𝑚 a higher score. 
 























] ∀ 𝑚 ∈ 𝐶𝐴𝑁𝑚
𝐹𝐶𝑆 (3.31) 
 
The overall attractiveness score shown in (3.31), is the sum of the scores for each criterion for a 
single candidate location 𝑚. The sum of the attractiveness scores for all the FCS candidate 
locations will add up to one. This is important because the total power demand in the city will be 
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divided onto those locations using this score. Each candidate location will have a preset demand 
that it can capture by building an FCS and increasing the number of chargers. More chargers built 
would cost more in terms of investment and running costs but will allow more demand to be 
captured. Therefore, given the stochastic scenarios that have been discussed in Section 3.1, the 
model will need to determine the economical number of chargers that will be utilized to serve the 
available demand. If an FCS is not built in a candidate location then that customer demand will be 
lost, and the load will not be applied to the grid. Further discussion about the attractiveness scores 
can be seen in the following section. 
 
3.3. FCS Attractiveness Scoring Scheme Rules 
Five data-backed rules are proposed to provide the foundation and logic behind the FCS constraints 
and method of calculating the attractiveness scores. This reasoning is acquired from specialized 
reports by the Idaho National Research Laboratory namely, “The EV Project Charging 
Infrastructure Summary Report” which is based on the biggest EV project ever conducted [31] 
funded by the US Department of Energy. A few reports released by the same institution discuss 
this data and they are titled: “What Location Factors did Highly Utilized DC Fast Chargers have 
in Common” [14]; “Plugged In: How Americans Charge Their Electric Vehicles” [11]; “Global 
EV Outlook 2017: two million and counting” [10]. The five rules are detailed below, and they start 
with determining the FCS peak load. 
 
Rule 1 states that the EV market size determines the region’s FCS peak load. This can determine 
the total daily power demand in an area given the demand curve shown in Figure 3.1 which can be 
used with any EV market size. The final attractiveness score is multiplied by this peak load to 
determine the peak demand in each candidate bus 𝑖. The FCS peak load at bus 𝑖 equals the number 
of EVs in the city multiplied by the percentage of EVs that use fast-chargers further multiplied by 
the maximum load from the per-car power profile shown in (3.26). 
 
Rule 2 states that the most popular charging stations are open and welcoming location in publicly 
accessible venues. These will become the candidate locations. The FCS would be placed in either 




Rule 3 addresses one of the principal uses of FCSs which is range extension, expressed in (3.28). 
This means EVs traveling long distances depend on FCS to top-up their vehicles mid-trip and 
usually, these travelers are using major highways. This is the most important factor when locating 
an FCS because these commuters or travelers want to exit their highways and navigate towards 
the nearest FCS. These FCS attract EV traffic demand on commuter roads within a one km radius 
as well as within the surrounding metropolitan area. Realistically, the commuter road point of 
interest is the highway-exit. The closer they are the more attractive the location is. 
 
Rule 4 implements the relationship between EV adoption and high-tech employees, expressed in 
(3.29). The report “What Location Factors did Highly Utilized DC Fast Chargers have in 
Common” [14] discusses how proximity to high-tech companies is one of the top three factors 
correlated with highly utilized FCSs. They can be used high-tech employees in the vicinity while 
remaining publicly accessible for others. All high-tech companies within a 0.3 km radius of 
candidate location 𝑚 are points of interest. The closer they are, the more attractive it is.  
 
Rule 5 is the only concept similar to the logic in the literature where vehicle foot-traffic in the 
vicinity is the determinant of the demand in an FCS and that is undoubtedly true, except it is not 
the only metric. This is implemented in (3.30). As seen in [11], FCS also serves urban dwellers 
who travel around the city not only long-distance travelers. This is especially true for those who 
do not have private dedicated parking spots and so may not be able to invest in level-2 chargers 
and may only occasionally have access to level-1 chargers. If FCSs become as popular and as fast 
as petrol stations, this model will continue to be valid because it considers vehicle foot-traffic in 
the vicinity, similar to the method of O-D lines. 
 
Finally, rules three, four, and five can be combined into an overall attractiveness metric following 
(3.31). The attractiveness score is the sum of scores for each criterion for each candidate location 
𝑚. The candidate locations are those that can feasibly house an FCS. Each of the three scores is 
divided by the total score for that criterion. Moreover, the sum of the attractiveness scores 𝑎𝑚
  for 
all the FCS candidate locations will sum to one. The total power demand in the city will be divided 
onto the buses with respect to the scores; therefore, each candidate bus will have a preset power 




This chapter discussed the entire methodology proposed in the thesis. In Chapter 5, a case study is 
used to show how this methodology was implemented in a particular study region in order to site 





CHAPTER 4  
PERFORMANCE EVALUATION OF THE PROPOSED ATTRACTIVENESS SCORING 
SCHEME 
 
Chapter 4 applies the mathematical model and the system of selecting and rating FCS candidate 
locations to a case study. A distribution network is connected with a selected geographic location 
to create a system that can allow the mathematical model to consider both the electric system and 
the urban landscape. Finally, the results are presented and discussed 
 
4.1. System Description 
The ADN that will be used in the case study is the 41-bus system. The peak load of this system is 
17,009.7 kW and the details of the real and reactive loads in each bus are shown in Table A.3 in 
Appendix A. Moreover, the feeder data of the network is also shown in Appendix A in Table A.4. 
The candidate buses for the WPDGs, represented by 𝐶𝐴𝑁𝑖
𝑏𝑢𝑠,𝐷𝐺
 are selected following [16] while 
the candidate buses for the FCSs will be determined depending on the FCS candidate locations in 




Figure 4.1: 41-bus system configuration. 
 
The numbers of some of the buses are highlighted by the blue squares and the loads attached to 
each bus are highlighted using the red squares. The substation located in the westernmost point 
provides the power needs for all the buses. The objective is to select locations for the FCSs, for 
example, the nodes highlighted using the purple triangles as well as locations for the WPDGs, for 
example, the nodes highlighted using the yellow circles. 
 
4.2. Case Study Region 
 
Downtown Chicago, Illinois, Figure 4.2, has been selected for the case study because the number 
of FCS in the area are virtually zero and the EV sales have been rising for the past two years [46]. 
Moreover, an array of data can be collected from the region allowing the model developed in this 
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thesis to be fully applied and tested. As will be seen in the following sections and figures, different 
layers of data will be added to this map to show all the information that is needed to conduct the 
study and thenceforward how the data will be used to calculate the attractiveness of each selected 
candidate location for a fast-charging station.  
 
Figure 4.2: Downtown Chicago base-map. 
In order for the study to be accurate, geographic considerations regarding establishments and 
traffic networks need to come hand-in-hand with the distribution network considerations and 
constraints. Locating major power transmission lines is widely available for public use but 
unfortunately, on the distribution system level, this information is not. As an example, the 41-bus 
distribution system has been overlaid onto this map considering the normal shape of power feeder 
lines and how they branch out to serve surrounding neighborhoods. Moreover, considering how 
loads differ from region to region, the distribution network buses were packed more closely in the 
downtown area and spread out in less urban and open spaces. Figure 4.3 shows how the 41-bus 
distribution system looks overlaid onto the map, with the substation in the westernmost point 






Figure 4.3: 41-bus distribution system overlaid onto the map. 
With the distribution network overlaid on the map the next step is to determine the candidate 
locations for the FCSs. 
 
4.3. FCS Candidate locations 
A candidate location for an FCS intuitively means a place where an EV owner can park their car 
for a period of time and connect it to a fast charger that transmits energy from the electric grid or 
an Energy Storage System (ESS) to his or her car’s battery. According to the report mentioned 
earlier [14], the candidate locations are open and welcoming locations in a publicly accessible 
venue and are not too closely associated with their host. This includes shopping malls, plazas, 
community colleges, and open-air parking lots. A layer is added to the map in Figure 4.4 locating 
parking garages, shopping malls and community colleges in the area which are the locations that 





Every candidate location for an FCS will designate a nearby distribution network bus a candidate 
bus because the loads in that location are served by that bus. Figure 4.5 shows several examples 
where the green buses have been deemed candidate buses for FCSs. 
 
Figure 4.5: A close-up view of FCS candidate locations and buses. 
Finally, all the candidate buses can be seen in Figure 4.6 as green bubbles and non-candidate buses 
remain colored in black. Figure 4.7 shows a close up of how the buses are connected using the 
distribution system power lines. 
Figure 4.4: Candidate locations. 
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Figure 4.6: Candidate buses. 
 
Figure 4.7: A view of the power lines connecting the buses. 
After selecting the candidate locations and connecting these results with the distribution network 
by identifying the buses serving those locations, the next step is to begin rating them in order to 
determine the attractiveness of each. The attractiveness, as discussed earlier, will determine the 
station’s demand. 
 
4.4. Calculating the Attractiveness Scores 
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4.1.1. Score 1—Distance to major commuter road exits 
 
The first score measures the attractiveness of a candidate location depending on the number of 
highway-exits in close proximity and is further dependent on those distances. The closer and more 
numerous they are the more attractive the location is. All the highway-exits in the area are located 
and marked as points of interest, see Figure 4.8. 
 
Figure 4.8: Highway-exits in the area. 
Figure 4.9 shows how the data was gathered for this score. The shortest path is calculated manually 
by following along the road paths from the highway-exit to the FCS candidate location using 




Figure 4.9: Distance between a highway-exit and a candidate location. 
After the distances between each candidate location and the commuter roads are noted, a score is 
given to each candidate bus following (3.28). With more highway-exits in the vicinity and the 
closer they are the higher the score assigned to the candidate bus. Table 4.1 shows the data 
collected from each candidate location.  
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Table 4.1: Score 1 data—highway-exits in the vicinity 
Bus 
No. 
Number of major 
commuter road exits 
within 1 km 
Distance 
to Exit 1 
Distance 
to Exit 2  
Distance 
to Exit 3 
Subtotal 
7 3 0.1 0.14 0.53 2.23 
20 3 0.3 0.44 0.59 1.67 
21 3 0.13 0.17 0.43 2.27 
22 3 0.24 0.39 0.68 1.69 
23 2 0.81 0.84 0 0.35 
24 0 0 0 0 0 
25 2 0.91 0.99 0 0.1 
26 1 0.87 0 0 0.13 
27 1 0.73 0 0 0.27 
30 3 0.01 0.33 0.34 2.32 
31 3 0.64 0.73 0.93 0.7 
36 2 0.73 0.98 0 0.29 
Sum 26 5.47 5.01 3.5 12.02 
 
4.1.2. Score 2—Distance to high-tech companies or establishments 
 
Another example is shown in Figure 4.10. It calculates the distance between the high-tech 
establishment seen on the map, “Computer science for All”, and the FCS candidate location, which 
is the garage in the shopping mall called “Block 37”. This candidate location is fed from and so 




Figure 4.10: Distance between high-tech establishment and candidate location. 
Similarly, a score is given to each candidate location based on the number of high-tech companies 
in the vicinity and their proximity. The more there are and the closer they are, the higher the score 
will be. This follows (3.29) discussed earlier. Table 4.2 shows the data collected for score two for 
each candidate location.  
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Table 4.2: Score 2 data—high-tech companies in the vicinity 
Bus 
No. 
Number of tech employers 








7 0 0 0 0 0 
20 2 0.29 0.3 0 1.41 
21 1 0.27 0 0 0.73 
22 2 0.1 0.12 0 1.78 
23 3 0.06 0.18 0.19 2.57 
24 1 0.26 0 0 0.74 
25 0 0 0 0 0 
26 0 0 0 0 0 
27 1 0.08 0 0 0.92 
30 0 0 0 0 0 
31 0 0 0 0 0 
36 0 0 0 0 0 
Sum 10 1.06 0.6 0.19 8.15 
 
4.1.3. Score 3—Average daily traffic  
A large amount of data has been collected regarding the traffic count in streets across the area 
under study which will be used for the third metric calculation. This is called the annual average 
daily traffic (AADT). The data has been imported into the map and is shown in Figure 4.11. Each 
yellow icon in the figure represents an AADT for a single street. 
 
Figure 4.11: AADT data superimposed on the area under study. 
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Given a candidate location for an FCS, all the AADT data points available within a 0.5km radius 
are noted and their average is calculated. The reason why the average is calculated as opposed to 
the sum is that traffic data is not available for every single street or intersection. Data collection 
agencies pick a sample of streets to represent the population of AADT data. In the vicinity of each 
candidate location may be a different number of readings and so an overall average is sought to 
represent the traffic footprint in the vicinity. Figure 4.12 shows the data readings around one of 
the candidate locations. A dashed blue line with a radius equal to 0.5 km (Euclidean) is drawn 
around it. The average of all the data points within the set boundary is calculated. Next, it is divided 
by the sum of the values for all the locations. This is the third score shown in (3.30). Table 4.3 
shows the data collected for the candidate location in the parking lot marked by the red circle. A 
larger brown circle is also included to show what the data collection area looks like for this 
candidate location. 
 
Figure 4.12: Traffic data in the vicinity of a candidate location. 
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Table 4.3: Score 3 data—traffic in the vicinity 
Bus 
No. 
Average of daily traffic flow in all 














4.1.4. Overall attractiveness score 
 
Finally, an attractiveness score is assigned to each candidate location following (3.31). 
Consequently, this score is assigned to the distribution system bus in order to account for the 
electric load. The sum of all attractiveness scores given to the FCS candidate buses equals 1. This 
is important because the attractiveness score will determine how the EV demand is divided onto 
all the FCSs in the area. In addition to the FCS candidate locations that assign buses to be candidate 
buses, this score is a link between the traffic network constraints elements and the distribution 
network, see the data in Table 4.4. 
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4.5. Proposed Solution Algorithm 
A flow chart is shown in Figure 4.13 depicting the logical flow of the code developed on 
MATLAB. This highlights how the mathematical model was implemented and how it was 
integrated with the solution algorithm to provide the results needed.  
 
Several data sets are needed before the solver can begin and these are shown in step one. They 
include information about the distribution network under study, the stochastic elements that are 
going to be convolved, the FCS demand, the generic load and the power generated from the wind 
turbines.  The data sets also include all the parameters that will be a part of the cost function, for 
example, the price of a kWh charged to a customer at an FCS. Constraints included the power flow 
constraints, the WPDG related constraints, the FCS related constraints in the distribution network, 
and the FCS attractiveness equations. Step two utilizes a function that convolves the three 
independent stochastic elements and outputs 600 states with the associated combined probabilities 
of those states. Step three sets the initial values of the decision variables, such as the location and 
number of WPDGs in the system. 
 
Step four is where the power flow simulation is run with the initial values set in the previous step, 
in order to calculate the impact of the current set up. Step five is where a series of calculations take 
place based on the resulting values of the simulation. Voltages of buses and currents flowing 
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through lines are saved in matrices. Transmission losses are recorded. The captured FCS power 
demand is the amount of FCS demand that was, in fact, served by the chargers placed in the 
candidate locations and this sum is also recorded. Finally, the total power generated from the 
WPDGs is also calculated. Steps four and five are repeated 600 times. Once for each scenario.  
 
Step seven is where the six elements of the objective function are calculated using all the collected 
data from the 600 scenarios and considering the probability of each scenario. A final value is given 
representing the profit over the entire planning horizon. The termination criteria consider the 
incremental change in the profit from each iteration to the next as well as a set number of stall 
generations. This allows the solver to reach a good solution in a limited amount of time. If the 
termination criteria are not met, the decision variables are amended by selecting the best parents 




Figure 4.13: High-level code of model and solution algorithm. 
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The MINLP model is NP-hard and so a metaheuristic was required to solve it. 18.3 hours were 
needed to acquire the results on a laptop with an 8th generation i-7 intel octa-core processor and 
16GB of RAM. The model considers all 600 possible combinations of independent stochastic 
elements for every GA iteration, so it is reasonable that such a long time is needed for this strategic 
decision. Moreover, the consideration of all the distribution network elements in addition to the 
traffic network elements and their relationships makes this model highly complex. 
 
The next and final section in this chapter discusses the results that were returned after solving 
the mathematical model.  
 
4.6. Results  
 
A list of the parameters used in the case study are shown in Tables A.1 and A.2 in Appendix A. 
The 41-bus system load data is shown in Table A.3 and the feeder data in Table A.4, also in 
Appendix A. Each load state represents a percentage of the peak power with the exception of the 
wind states, which directly represent the kWh generated by the turbine. See Table A.5 in Appendix 
A for the states of each stochastic variable. A dedicated MATLAB script was developed to 
convolve the three independent stochastic elements as explained earlier in Algorithms 1 and 2. 
This provides 600 combined stochastic states. Table A.6, in appendix A, shows the probabilities 
of the states before they were convolved. 
 
The mathematical model was implemented and solved successfully, and a list of results are 
returned. The careful analysis of these results begins by considering the locations and sizes of the 
FCSs placed in the 41-bus system. Figure 4.14 shows the Contribution of the three attractiveness 
scores to the overall score. Though this figure shows the parameters used, it was placed in this 
section following Figure 4.15, which shows the number of chargers and WPDGs placed in the 






Figure 4.14: Contribution of the 3 attractiveness scores to the overall score. 
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It is noted that a near-perfect resemblance exists between the locations and sizes of the FCSs and 
the attractiveness scores. This shows that the attractiveness scores and therefore expected demand 
in each location were taken into consideration when sizing the chargers. Other points were 
considered as well such as the impact of the acute FCS loads on the grid. In buses far from the 
substation, the loads would cause large transmission losses, measured in (3.7), the fourth element 
of the objective function. These losses were converted into their dollar value and considered as 
part of the cost function; therefore, the locations of the FCS accounted for the transmission losses.  
 
In terms of the location and number of WPDGs placed in the system, a spaced-out strategy can be 
seen in the solution. In the 41-bus system, the locations selected were buses 19, 32, and 39. This 
better supports the loads in different areas and reduces transmission losses bearing in mind that 
the substation power comes from bus 1. Note the blue bars in Figure 4.15.  
 
With 30 fast chargers installed in 11 locations and four turbines installed in three locations, a 
disparate startup investment cost is noted, amounting to $721,004 versus $4,180,000 respectively, 
see Figure 4.16. Running costs of FCS over the planning horizon were almost the same as the 
startup costs at $793,880 highlighting their high maintenance costs. Also, power losses, throughout 
the entire planning horizon, were $1,320,200 where additional power losses due to the added FCS 
loads were avoided when the wind turbines were placed in the ADN. Moreover, the large value 
indicates the importance of considering the losses in the model; ergo, the necessity of including 
the electric utility in the decision-making process.  
 
Figure 4.16: Breakdown of expenses. 













Figure 4.17 shows that two-thirds of the revenue comes from wind turbine power sales to the grid 
but a higher return on investment is noted from the FCSs with a revenue of $8,528,600 over the 
entire planning horizon. 
 
Figure 4.17: Revenue sources. 
Figure 4.18 shows the overall profits throughout the planning horizon. All values are expressed as 
the net present value.  
 
 
Figure 4.18: NPV of Profit over the planning horizon. 
In this chapter, the mathematical model and attractiveness scoring scheme have been implemented. 
Each step in the scoring technique was explained in detail to show how this can be implemented 
in other regions. The data collected from the Chicago downtown region has also been recorded 
and presented in tables providing a useful starting point for other researchers to apply their models 
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and calculations to the same data in order to compare results. The next chapter will explore how 
suitable industrial-scale wind turbines are for urban settings and discuss an alternative solution 












Industrial-scale wind turbines may be appropriate for less dense urban areas that have surrounding 
open spaces or strict commercial zones where they can be placed. However, when considering 
denser urban areas with a mixture of residential and commercial spaces a different power 
generation product is needed. The case for micro-wind turbines will be made in this chapter 
examining their advantages and disadvantages as well as the urban guidelines that will affect the 





Small wind turbines (SWT) may be more applicable to an urban setting because of the nuisances 
of industrial-scale wind turbines near human populations. Having said that, the research on SWT 
is still in infancy with debate still ongoing on the actual definition of ”small” as can be seen in 
municipal guidelines in the United States [47], Canada [48], and Europe [49]. The United States 
municipal report defines SWTs as being less than 100 kW while its Canadian counterpart defines 
small wind as 1-30 kW whereas the European report defines it as 1-20 kW.  
 
The Canadian report includes other features regarding the definition of an SWT by adding the 
height of the tower it is placed on. It mentions that a small wind turbine is mounted on a 24-meter 
to 43-meter tower (equivalent to a 6-10 storey building). It also mentions that medium-sized 
turbines ranging from 30 kW to 300 kW are mounted on towers from 24-meters to 50-meters (up 
to 13 stories). Other regulations discuss how the minimum height is a function of the turbine’s 
rotation radius among other considerations such as trees in the vicinity that can grow over time.  
 
These elements are usually taken into account without the appreciation of their impact or potential 
opportunity in the electric grid. They do not consider nearby loads and distances to other DGs for 
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example. Developing a framework that combines both perspectives into a single problem and 
proposes a method that can be systematically applied in different areas can bring forth an array of 
benefits. These can include the opportunity of capitalizing on transmission losses that were saved 
as a result of a particular placement location. This will also provide the opportunity to save on 
electric grid upgrades due to high loads in certain areas by supporting those areas directly with 
small wind turbines.  
 
5.2. Disadvantages of Industrial Scale Wind turbines in Urban Areas 
 
Urban areas with different altitudes of buildings may block laminar airflow from reaching 
industrial-scale wind turbines placed on towers ranging from 50 meters to 100 meters in altitude 
[50]. Moreover, as wind becomes disturbed after navigating around obstacles it creates turbulences 
that cause inefficiencies when a larger wind turbine is used. This even applies to medium-sized 
wind turbines with a rating of 30kW to 300 kW.  
 
The medical community has reported complaints by people living near large-scale wind turbines 
but their actual impact on human health is debatable. The complaints include discomfort or fear 
from one or more of the following. Electromagnetic fields (EMF), shadow flickers from the blades, 
audible noise, low-frequency (background) noise, and infrasound [51]. The community has dubbed 
a collection of symptoms related to wind power generation as wind-turbine syndrome which might 
include headaches, sleep problems, night terrors, ringing in the ears (tinnitus), mood problems 
(irritability, anxiety), concentration, memory problems, issues with equilibrium, dizziness and, 
nausea [52]. 
 
With regard to wind, lower speeds are recorded in dense urban areas as opposed to rural spaces 
[53]. Moreover, a quick reference to an interactive geographic map like windy.com can provide 
general information about wind speed and direction at any point in the United States. Moreover, 
different altitudes can be selected to see wind speeds at ground level versus 100 meters for 
example.  Since urban cities experience lower wind speeds, an efficient power generation system 
is needed. Turbines rated at 1.1 MW for example as seen earlier have a cut-in speed at 4 m/s and 
a nominal speed of 14 m/s. This means to begin generating electricity a minimum of 4 m/s of speed 
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is required and in order to generate the rated power the nominal speed is needed. Another point is 
that the cut-out speed is 25 m/s where wind above this speed will cause the generation to go down 
to zero. The features of micro-wind turbines in the next section will allow for a comparison 
between both in terms of suitability for an urban area. 
 
5.3. Vertical-Axis Micro-Wind Turbines  
 
Micro wind turbines are smaller and therefore easier to install, manage, and maintain by non-
specialists without specialized equipment. This makes them much more appropriate for residential 
and commercial applications. They are also less noisy than industrial-scale turbines because of 
their smaller size. Moreover, specific kinds of turbines such as vertical axis wind turbines are even 
quieter than the horizontal axis turbines. Some smaller turbines are also more efficient i.e. they 
can generate electricity at a lower wind-speed. 
 
The turbine selected for this study is the vertical-axis micro-wind turbine by a company called 
Semtive [54]. They use the H-Darrieus vertical-axis turbine which is one of three major types of 
vertical axis turbines namely, the Savonius-Rotor, and the Darrieus-Rotor [55]. They provide two 
products, the “Nemoi S turbine” which is a smaller 600 W turbine and the “Nemoi M turbine” 
which is a larger one rated at 2400 W. The “S” model is 1.7 meters in height and 1.5 meters in 
diameter which is rather small and fits even on a small porch or large balcony. The “M” model is 
still relatively small, with height and diameter of 3 meters. The smaller weighs 60 kg while the 
larger one weighs 140 kg, indicating that the first can be placed without any kind of ground 
reinforcement while the second may need some ground support depending on the expected wind 
speed and existing flooring. In all cases, the mounting system delivered with the product was 
designed to dampen vibrations that could affect the rooftop’s structure which further improves 
their versatility and ease of installation. 
 
The cut-in speed of these two turbines is 1.38 m/s which is staggeringly lower than that of the 
industrial-scale turbine, requiring wind speeds of is 4 m/s. The nominal speed, i.e. the speed at 
which the full rated power is generated, is 11 m/s. This is also significantly lower than its 
counterpart where 14 m/s wind speeds are needed to achieve the rated power. As impressive, is 
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the cut-out speed of the micro-wind turbines which is 58 m/s whereas the industrial-scale turbine 
would be disengaged at 25 m/s. This allows the micro-vertical-axis turbine to be extremely 
versatile generating electricity starting from a soft breeze up to high-speed winds. A downside of 
this type, however, is that a startup push is required to move the turbine if it is stationary in order 
to continue rotating at the cut-in speed. By analyzing the power curve presented on the company’s 
website expressed as the power generated per wind speed level [54], a modified curve can be 
developed, expressed as a percentage of the rated power. One curve is used to represent the 
performance of both, for the purpose of this thesis, since they are quite similar. See figure 5.1 for 
a simplified version of the power curve expressing the percentage power generated from the cut-
in speed up to the nominal speed. The overall power curve from cut-in speed to cut-out speed is 
shown in figure 5.2. The results acquired by using these power curves along with hourly wind 
speed data are shown in Table 5.1 that highlights the probability of each generation state expressed 
as a percentage of rated power. It is noted that there were no recorded wind speeds above 58 m/s 
in the data set used [56]. 
 

































Figure 5.2: Total power curve for H-Darrieus turbine from Semtive. 
Table 5.1: The probability of each generation state expressed as a percentage of rated power for 
micro-wind turbines. 
State no. 




Power generated as a 
percentage of the peak 
1 >0 <1 7.6% 0.0% 
2 >1 <2 4.1% 4.2% 
3 >2 <3 3.0% 8.3% 
4 >3 <4 3.2% 12.5% 
5 >4 <5 3.1% 16.7% 
6 >5 <6 2.8% 25.0% 
7 >6 <7 2.8% 33.3% 
8 >7 <8 2.9% 50.0% 
9 >8 <9 2.4% 66.7% 
10 >9 <10 2.2% 83.3% 
11 >10 <11 2.0% 90.0% 
12 >11 <58 64.1% 100.0% 
- >58 - 0.0% 0.0% 
 
In terms of noise, the company claims that the turbines are very quiet. The turbines emit 38 decibels 
when operating at nominal speed and lower as rotation speed is reduced [57].  This is very suitable 
for placement near human populations since the noise level will be much more tolerable if at all 































between 32 decibels and 47 decibels [58].  This is also comparable to the normal noise level in a 
library which is approximately 40 decibels [59]. This effectively eliminates the noise problem from 
wind turbines that are generating electricity near human dwellings which was a core concern. 
Moreover, since the voltage levels that the wind turbines operate at are standard 12/24 V and 
120/240 V then there is no concern about electromagnetic fields either. This latter point is 
discussed further in the next section. As seen from the aforementioned points, micro-wind turbines 
may be more suitable for harvesting wind power near human populations.  
 
5.4. Model Rationale 
 
In order to site and size these wind turbines, a few questions need to be raised. What altitude will 
be used for each model and why? Where in the urban setting will they be installed or mounted? 
What is the minimum safety spacing between two wind turbines or a wind turbine and other 
obstacles in the environment? How will they be integrated into their selected locations in terms of 
both the urban landscape and the power network? How will a connection be drawn between the 
power system’s buses and the urban constraints in the mathematical model to allow both layers to 
be considered when selecting the number of wind turbines in each location? These questions will 
be addressed in this section and detailed in the next section. 
 
Due to a phenomenon called surface friction, the wind slows down and turns near the surface of 
the earth as compared to the frictionless flow above the surface. This, in addition to obstacles on 
the ground such as trees and buildings, causes the wind to slow down further. Parks are the only 
ground-level open spaces that can be found in urban areas allowing wind turbines to be integrated 
with the surrounding landscape and power infrastructure. Parks, therefore,  will be selected as the 
first candidate location of the smaller turbine rated at 600W. It can be integrated with the 
surrounding because the smaller model is light; therefore, requiring little if any ground support. 
They should be integrated with existing lighting posts to raise them ten meters above the ground, 
far from any human’s ability to come in contact with them. If no vertically elevated posts are 
available, then simple dedicated metal posts can be erected next to a circuit box in the park. They 
can also be integrated with the power system through the small circuits in the park since the 
turbines operate at 12/24 V. Moreover, the design is slim, and the hollow feature makes it 
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aesthetically pleasing. A conservative ten turbines per acre of park space will be used for this 
model. This will be the maximum number of 600-W turbines that can be placed in a park relative 
to its size. As discussed earlier, the distribution network bus serves a particular surrounding region 
and so this region is its jurisdiction. Only parks within this jurisdiction will determine the number 
of turbines that can be placed in this bus. The current commercial cost of this 600-W model in 
2020 is $3600 [54]. 
 
For the larger 2400 W turbine, the rooftops of commercial buildings are the proposed location. 
Empirically, a majority of commercial buildings range in height from 2 stories to 6 stories 
equivalent to ten meters to 25 meters in height. This size of this model is bulkier, yet small enough 
to allow easy installation and maintenance. This fits well on a rooftop where aesthetics are not 
important, and the higher altitude is an advantage. The raised altitude avoids the problems of wind-
blocking by other obstacles. This size can be integrated with the commercial building’s power 
infrastructure since they operate at a standard 120/240 V and are more likely to have larger loads 
for HVAC systems, pumps, etc. Since packing the turbines close to each other will block the wind 
from one another a minimum distance of six times the radius is used between each pair. The radius 
of this turbine is 1.5 meters. An example rectangular area of 14𝑟 × 8𝑟 = 252 𝑚2 , where 𝑟 =
1.5𝑚 is used. Six turbines can be placed in this symmetric 3 × 2 grid formation. Therefore, the 
rough space needed per turbine is 
252 𝑚2
6
= 42 𝑚2. Per acre, (4046 𝑚2) this amounts to 96 
turbines. Similarly, this value will be used in the model as the maximum number of turbines that 
can be placed in a bus depending on the surface area of available commercial building rooftops 
within its jurisdiction. The current commercial cost of the 2400-W model in 2020 is $6400 [54]. 
 
5.5. Mathematical Model  
 
This section will detail the mathematical model developed to integrate the SWTs into the planning 
framework. The decision variables are as follows. 𝑥1𝑖 is an integer variable that denotes the 
number of 600-W wind turbines to be placed in bus 𝑖 and 𝑥2𝑖 is an integer variable that denotes 




The objective function (3.3) consisted of six elements; three of which were revenue elements and 
three were cost elements. Element one is shown in (3.4) and element two is expressed as 








𝑃𝑒𝑎𝑘,2400 × 𝑥2𝑖) × 𝑆𝑊ℎ × 𝑃(𝐶ℎ) × 8760 × 𝑑𝐹𝐼𝑇
𝑝𝑟𝑖𝑐𝑒
×
(1 + 𝑖𝑛𝑡)𝑛 − 1






 represents the rated power of the 600-W wind turbine while 𝑃𝑖
𝑃𝑒𝑎𝑘,2400
 represents 
the larger one rated at 2400 W. Each is multiplied by the number of turbines placed by the model. 
This effectively calculates the revenue from the power generated by all the sited wind turbines and 
then sold to the grid. 
 
Elements three and four are shown in (3.6) and (3.7). Element five which calculates the investment 
and maintenance costs of all the infrastructure built is expressed as 
 




𝐷𝐺,600) + 𝑥2𝑖 × (𝐶𝑖𝑛𝑣

















 represent the investment costs of both wind turbines where the smaller 
costs $3600 and the larger costs $6400.  
 
The remainder of the objective function, i.e. element six, remains the same and so do the three 
groups of constraints namely, the power system constraints in Section 3.2.4, the FCS constraints 
in Section 3.2.6 and the attractiveness equations in Section 3.2.7. The group of constraints that will 
be addressed below is the WPDGs constraints, originally presented in Section 3.2.5. 
 





𝑃𝑒𝑎𝑘, 600 × x1𝑖 +  𝑃𝑖
𝑃𝑒𝑎𝑘, 2400 × x2𝑖) ≤ 𝑃𝑏𝑢𝑠
𝑚𝑎𝑥,𝐷𝐺∀𝑖 ∈ 𝐶𝐴𝑁𝑖
𝑏𝑢𝑠,𝐷𝐺
 (5. 3) 
This ensures that the total generation by wind turbines does not exceed a certain percentage of the 
total system load specified by the electric utility.  
 





𝑃𝑒𝑎𝑘, 600 × 𝑥1𝑖 +  𝑃𝑖
𝑃𝑒𝑎𝑘, 2400 × 𝑥2𝑖)






Equation (5.4) also ensures that the capacity factor is taken into consideration as opposed to the 
rated power when limiting the amount of DG penetration per bus. Since both turbines have the 
same power curve i.e. both generate the same percentage of their peak given different wind speeds. 





𝑃𝑒𝑎𝑘, 600 (5. 5) 
Note that only one capacity factor constraint has been used for both turbine sizes. This is the case 
because both have the same power curve.  
Most importantly, the two equations described below connect the urban space to the power system. 
Since every power system bus is limited to a particular jurisdiction, the model should account for 
the maximum number of turbines that can be placed in each bus given the available space in parks 
and on commercial rooftops within this jurisdiction. The maximum number of 600-W turbines in 
a bus, given the area constraints, is expressed as 
𝑥1𝑖 ≤ 𝑚𝑎𝑥𝑖
600∀ 𝑖 (5. 6) 
 
The maximum number of 2400-W turbines in a bus, given the area constraints, is expressed as 
𝑥2𝑖 ≤ 𝑚𝑎𝑥𝑖




Figures 5.3 and 5.4 show how this can be applied on google maps as an example. 
 
Figure 5.3: Calculating the area of a park on google maps. 
 




Moreover, within the same downtown Chicago area discussed in the case study the parks and 
commercial areas can be identified on a map as seen in Figure 5.5 where the green bubbles 
represent the parks and the orange bubbles represent the commercial areas whose rooftops would 
be suitable. Google maps automatically identifies popular and busy commercial areas shaded in a 
light yellow color. Depending on the proximity to the power system buses, represented by the 
black bubbles, a candidate location may be associated with the jurisdiction of the bus. 
 
 
Figure 5.5: Candidate locations for the 600-W and 2400-W wind turbines. 
Having covered the changes to the mathematical model, the new wind speed data and new 
candidate locations, the next section will cover the results attained by solving this model using the 
genetic algorithm in MATLAB. 
 
5.6. Results 
The expected results from this model are the locations and quantity of micro-wind turbines placed 
in the system showing how many are served by each bus. The same downtown Chicago area was 
used for the study. Along with the sizing and siting results, the data gathered from the area such 
as the sizes of parks and commercial rooftops along with more information specific to each will 
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also be shown. Tables 5.2 and 5.3 show these results firstly for the smaller 600-W turbine and 
secondly for the larger 2400-W turbine. 
 
  










2 Altgeld 5 50 32 
3 Sain 2.8 28 0 
6 Livingston 2.9 29 29 
7 #578 3.7 37 35 
8 Louis Pasteur 2.65 27 25 
13 Skinner, Union 26.9 269 0 
28 Lake Shore 6.29 63 1 
29 Chicago Riverwake 4 40 8 
30 Rulland Grove 5.8 58 49 
31 Millennium, Maggie, 
Butler 
70 700 9 
34 Rose Garden (North, 
South) 
51.5 515 0 
36 Formal Gardens 29.4 294 0 
37 Roosevelt 2.49 25 12 





Table 5.3: 2400-W turbine candidate location data and model decisions. 
Bus no. 





6 0.35 34 0 
13 0.75 72 0 
16 0.98 94 4 
18 6.19 594 3 
19 1.88 180 54 
20 3.27 314 3 
21 2.27 218 27 
22 4.2 403 3 
23 3.9 374 182 
24 2.8 269 0 
25 2.2 211 5 
26 1.9 182 0 
27 1.5 144 46 
28 2.3 221 1 
33 2.5 240 19 
35 1.6 154 4 
37 0.3 29 0 
38 0.5 48 14 
40 0.16 15 0 
41 0.9 86 14 
 
The results show a well-spaced out strategy that was expected because this reduces transmission 
losses as generation is divided onto many buses helping serve the loads in each reducing the overall 
capacity requirements. Moreover, all the constraints were respected, most notably the maximum 
number of turbines per bus based on available space in that area. Since the FCS is part of the 




Table 5.4: Fast charging station siting and sizing decisions. 
Bus no. Quantity limit Model decision 
Attractiveness 
score 
7 6 4 0.090 
20 6 6 0.126 
21 6 6 0.125 
22 6 6 0.150 
23 6 6 0.150 
24 6 2 0.059 
25 6 1 0.030 
26 6 6 0.029 
27 6 3 0.070 
30 6 3 0.078 
31 6 0 0.049 
36 6 6 0.044 
Total 72 49 1 
 
With many more variables to manage, it is noted that the model provided some poor decisions with 
the sizing and siting of FCSs. This can be concluded when a bus carries more chargers than 
necessary for the given demand. The demand cannot be known with certainty but relatively. Since 
the attractiveness score ultimately determines the distribution of EV demand in each station, it 
should be expected that a more attractive station carries more or an equal number of chargers as 
another with a lower score. This issue seemed to be the case with buses 26 and 36. The rest of the 
buses seem to have reasonable sizing decisions relative to the attractiveness score. 
 
The financial analysis is shown below in Figures 5.6 and 5.7 where the first shows the revenue 




Figure 5.6: Revenue sources 
Revenue from FCSs trumps that from WPDGs and so does its return on investment. This can be 
seen by looking at both figures where the expenses of installing the 49 chargers were 
approximately $1M. On the other hand, the costs of installing the WPDGs totaled $3.1M 
approximately. We note the high cost of power losses which, similar to the last case, have been 
reduced due to the placement of the WPDGs but remains high which emphasizes the fact that the 
electric utility needs to be involved in this decision-making process to reduce their losses as much 
as possible. Lastly, the maintenance cost of wind turbines is virtually zero according to the 
company Semptive [57] where it is claimed that they can go for years without maintenance and 
not even needing to be cleaned. Fast chargers, however, have to put up with commercial abuse 
requiring a range of maintenance servers including the posts, plugs, cables, software, cleaning, 
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Figure 5.7: Breakdown of expenses 
In this chapter, a methodology and rationale to integrate micro-wind turbines in the FCS siting and 
sizing model has been proposed. The focus of this amendment was to introduce an urban-friendly 
solution to the wind generation problem. The mathematical model was developed to house both 
FCSs and micro-wind turbines considering the distribution network as well as the urban 









































 CONCLUSION AND FUTURE WORK 
6.1. Conclusions 
The advent of electric vehicles (EV) and their charging needs have been discussed as well as the 
impact of the acute loads of fast charging stations (FCS) on the power grid. The reductions of 
greenhouse gases as a result of decarbonizing the grid using wind-powered distributed generation 
(WPDG) can come hand-in-hand with serving these new loads as well as reducing transmission 
losses in the grid. Industrial-scale wind turbines were used first and then a modified model was 
developed for micro-wind turbines which was more fitting. A case study was used to test all the 
elements of the problem as well as the concerns of the stakeholders, namely the electric utility and 
the investors as well as the urban planning guidelines.  
 
A first of its kind scoring scheme to rate the attractiveness of FCS candidate locations has been 
developed from scratch to a mature stage where it can be flexibly implemented in a different region 
with any EV market size. This is a key bridge between the FCS problem on the distribution network 
and the traffic network levels that allows both to be intertwined and considered in the math model. 
The data collection process was explained as well as the method of calculating the scores. 
 
The mathematical model developed, and solved, represents a new perspective implemented in a 
systematic and replicable manner. The mathematical model provides a cost function that considers 
multiple elements of the problem and successfully sites and sizes both FCS and WPDGs in an 
active distribution network (ADN) in order to provide for the FCS load demand and contribute to 
decarbonizing the grid. The genetic algorithm (GA) was used to solve this highly complex strategic 
problem on MATLAB and results were shown and discussed such as the return on investment of 
FCS and reduction in transmission losses.  
 
Multiple stochastic elements were developed, based on real data, and then integrated into the 
model, namely FCS power-demand, residential EV power combined with generic grid power 






In summary, the contributions in this thesis are as follows: 
1. A set of attractiveness equations were developed based on specialized reports where EV 
demand in an FCS candidate location can be determined and then magnified or diminished 
based on a flexible set of inputs.  
2. A systematic way to select FCS candidate locations.  
3. Stochastic modeling of FCS station load states based on real charging data and determination 
of the fast charging peak load in the region.  
4. Formulation of a Mixed Integer non-linear programming (MINLP) model to locate and size 
FCSs in a distribution network considering its electrical constraints as well as the traffic 
network and its associated constraints. This is combined with a model that locates and sizes 
WPDGs in the same system also considering distribution network constraints. The model was 
designed for long-term stochastic planning of the elements in the ADN to ensure the 
distribution network’s security constraints are satisfied. Moreover, a connection between the 
FCS load and WPDG is made by installing enough WPDGs to serve the additional loads and 
postpone substation expansion due to the unexpected loads of EVs.  
5. The planning model consists of a cost function that focuses on profit maximization which is 
the way to incentivize investments in this kind of infrastructure.  
6. A Stochastic model of the generic load of a system combined with a novel demand curve for 
electric vehicle charging demand. 
7. A modified mathematical model that integrates micro-wind turbines into the problem including 
urban constraints and novel candidate locations rationalized through an understanding of new 
vertical-axis turbine technology and wind behavior. 
 
6.3. Future Work 
Further investigation is still required to refine the mathematical model and the stochastic program. 
The wind models can be developed further to account for the urban landscape. Infrastructure 
requirements for WPDGs and FCSs can be further explored to identify the locations that are able 
to accommodate them immediately without any power infrastructure upgrades. Realistic 
distribution network data is necessary for a more realistic model. This insider information needs 
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to be gathered from electric utilities that already know where their power lines run and the features 
of each.  
 
All in all, by collecting additional information pertaining to the problem of siting and sizing of 
micro-wind turbines along with FCSs in an urban area, additional constraints and parameters for 
the planning model can be made available. This will increase its relevance and can begin to 
introduce multiple models for different kinds of urban areas. This is important because, while each 
location is unique, a group of elements can be determined for each urban area that summarizes its 
features. For example, when siting FCSs, the size of the EV market was a significant feature for 
the planning model that determined the total available demand in the region, which influences the 
total number of chargers placed in the area. With the smaller wind turbines, the number and sizes 
of parks in the jurisdiction of each bus was a determinant of the maximum number of 600-W 
turbines that can be placed in that area, for example. Features such as this can be listed and included 
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Table A.1: Parameters - A 
 
Parameter Name Description Value Reference 
𝑣𝐸𝑉 
Percentage of EVs that use FCS (as 
opposed to other chargers) 
20% [60] 
𝑃𝑟𝑎𝑡𝑒𝑑,𝑐ℎ𝑎𝑟𝑔𝑒𝑟 Rated power per fast charger in kW 60 kW [11] 
𝐶𝑒𝑙𝑒𝑐 
Cost of generating 1 kWh of electricity + 
transmission + distribution + regulatory 
charges 




Average price of 1 kWh charged to a 
customer in an FCS 
0.30 $/kwh [62] 
FIT 
Feed-in-tariff price paid by the government 
for one kWh generated from on-shore 
Wind turbines. 










Cost of 1 Fast charger including the 
addition of electric infrastructure 
(Transformers and feeders) as well as 
labor. Averaged 32,626 USD per dual port 
(2 chargers) FCS = 





Yearly cost of maintaining a single FCS 
charger 
$3800 per year [65] 
𝑆𝑎𝑙𝐷𝐺 Salvage value of 1 wind turbine. 39,000 [66] 
𝑆𝑎𝑙𝐶ℎ𝑎𝑟𝑔𝑒𝑟 
Salvage value of 1 fast charger. Can be 
expressed as a percentage of initial value. 









Table A.2: Parameters - B 
Parameter 
Name 
Description Value Reference 
k1 
Max DG penetration in the system relative to 
the total peak power demand of the system. 
30% [16] 
k2 
Maximum total load from FCS relative to the 
total power demand of the system. 
25% N/A 
k3 
The maximum number of FCSs in the system 
set by the utility to minimize power system 





 Max allowed DG penetration in a single bus 10 MW [16] 
𝑃𝑏𝑢𝑠
𝑚𝑎𝑥,𝐹𝐶𝑆
 Maximum allowed FCS load in a single bus 360 kW N/A 
n Number of years for the planning horizon  20 years [9] 




The peak per car power demand is acquired 




The number of EVs in the Chicago area or that 
would travel through the Chicago area.  
19,130 cars [46] 
Pave 
The weighted average power generated from 
WPDG rated at 1100 kW 
395.9 kW N/A 








Table A.3: Loads in the 41-bus distribution system 
Bus No. Pd Qd Bus No. Pd Qd 
1 0 0 22 47.5 15.61 
2 0 0 23 9.5 3.12 
3 0 0 24 0 0 
4 6413.46 2108 25 289.75 95.24 
5 0 0 26 0 0 
6 903.06 511.79 27 152 49.96 
7 0 0 28 0 0 
8 3187.25 1047.6 29 0 0 
9 576 507.98 30 194.75 64.01 
10 0 0 31 517.75 170.18 
11 0 0 32 0 0 
12 0 0 33 931.25 295.68 
13 288.18 93.41 34 204.25 67.13 
14 346.75 113.97 35 0 0 
15 0 0 36 80.75 26.54 
16 0 0 37 104.5 34.34 
17 0 0 38 950 340 
18 0 0 39 813 280 
19 0 0 40 0 0 
20 0 0 41 1000 320 









Table A.4: Line (feeder) data for the 41-bus system 
From To R (pu) X (pu) B(pu) From To R (pu) X (pu) B(pu) 
1 2 0.025308 0.062586 0.000858 23 24 0.017732 0.023862 0.000278 
2 3 0.004484 0.01109 0.000152 24 25 0.022393 0.030135 0.000351 
2 4 0.001776 0.004392 6.02E-05 24 26 0.014898 0.020049 0.000233 
4 5 0.001687 0.004172 5.72E-05 26 27 0.0174 0.015288 0.000165 
5 6 0.000577 0.001427 1.96E-05 26 28 0.019377 0.026076 0.000303 
5 7 0.000755 0.001867 2.56E-05 28 29 0.010585 0.0093 0.0001 
7 9 0.001154 0.002855 3.92E-05 29 30 0.010875 0.009555 0.000103 
9 10 0.000622 0.001537 2.11E-05 28 31 0.023216 0.031242 0.000363 
9 11 0.001687 0.004172 5.72E-05 23 32 0.002614 0.004334 5.25E-05 
11 12 0.002486 0.006149 8.43E-05 32 33 0.001888 0.00313 3.79E-05 
12 13 0.001332 0.003294 4.52E-05 33 34 0.05191 0.045609 0.000491 
12 14 0.014785 0.036563 0.000501 33 35 0.00559 0.009271 0.000112 
14 15 0.004573 0.011309 0.000155 35 36 0.019011 0.025584 0.000298 
15 16 0.004662 0.011529 0.000158 35 37 0.032743 0.0543 0.000658 
16 17 0.004795 0.011858 0.000163 37 38 0.014386 0.035575 0.000488 
17 18 0.007282 0.018007 0.000247 38 39 0.001332 0.003294 4.52E-05 
18 19 0.002087 0.005161 7.08E-05 39 40 0.00222 0.00549 7.53E-05 
19 20 0.004296 0.005781 6.73E-05 7 8 0 0.333333 0 
21 22 0.035083 0.012068 0.000132 20 21 0 0.8 0 












Table A.5: Stochastic states 
State 
no. 
Grid generic demand 




(% of peak) 
1 100.00% 1100 0.0% 
2 85.30% 1045 10.0% 
3 77.40% 935 30.0% 
4 71.30% 825 57.4% 
5 65.00% 715 87.4% 
6 58.50% 605 
 
7 51.00% 495 
8 45.10% 385 
9 40.60% 220 


















Table A.6: Stochastic state probabilities 
State 
no. 






1 1.0% 7.8% 18.8% 
2 5.6% 2.5% 13.5% 
3 10.6% 3.3% 12.5% 
4 16.5% 4.5% 24.0% 
5 16.5% 5.0% 31.3% 
6 16.3% 7.7% 
 
7 16.3% 9.1% 
8 9.1% 11.2% 
9 4.7% 10.4% 
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